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Summary 
 
Key messages: 
• Substantial spatial subsoil constraint variability occurs within a field or farm 
• Spatial patterns of subsoil constraint manifest in the spatial pattern of crop 
growth 
• Targeted soil sampling and analysis, yield mapping, remote sensing and 
electromagnetic induction survey especially at lower limit can be employed to 
locate areas suspected of subsoil constraints 
• Remote sensing offers an opportunity to obtain simulated yield mapping 
• Measuring spatial variability in apparent electrical conductivity at wet and 
dry profile provided reasonably good agreement with measured spatial 
variability in plant available water capacity 
• Matching fertilizer nutrients to realistic yield potential in the presence of 
subsoil constraints resulted in saving between $19/ha to $45/ha/annum 
• Ameliorating subsoil constraint with gypsum resulted in cumulative profit of 
$143/ha and an increase in 10 mm of PAWC in 3-4 years of cropping 
• Wheat genotypes with the desirable root traits of SeriM82 tended to show 
less yield reduction than some other genotypes 
• Hyperspectral sensor offers opportunity to differentiate crop performance 
under subsoil constraints 
• Chloride concentration in the young mature leaf provides a good measure to 
identify cultivars tolerant of subsoil constraints  
• Yield penalty due to high subsoil constraints was seasonally variable, with 
more in-crop rainfall, resulting in less negative impact 
• High Cl concentration in the subsoil was principal determinant of subsoil 
water extraction and poor crop yield. 
 
In north-eastern Australia, subsoil attributes such as salinity, sodicity, acidity, and 
phytotoxic concentrations of chloride (Cl) constrain the growth of crops by reducing 
the ability of roots to obtain water and nutrients. Identification of the spatial 
variability of these constraints will allow farmers to manage this variation for 
profitable outcomes, and to minimise environmental degradation. Accurate 
information on the variability of subsoil constraints across the landscape is difficult to 
obtain. Soil sampling to identify the distribution of possible subsoil constraints, both 
spatially across the landscape and within the soil profile, is time-consuming and 
expensive. As an alternative to intensive soil sampling, we identified subsoil-
constrained crop growth through the use of data sources rich in spatial information, 
such as crop yield mapping, remote sensing and electromagnetic induction. To 
quantify and map spatial and temporal variability we selected 7 focus sites throughout 
the northern grains region. The farm fields were located near Biloela (Site 1), 
Muckadilla (Site 2), Wallumbilla (Site 3), Goondiwindi (Site 4), Garah (Site 5), 
Bellata (Site 6) and Narrabri (Site 7).  
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Tools for mapping soil and crop variability  
 
Generally there are three ways to measure soil and crop variability: 
? Discretely (e.g. point sampling of soil or plant properties) 
? Continuously (e.g. on the go yield monitoring, EC sensor) 
? Remotely (e.g. through aerial photographs, satellite image). 
In this project we integrated spatial data using yield monitoring, electromagnetic 
induction, remote sensing, topographic data, and growers’ knowledge and experience 
to partition fields into potential management zones.  We used extensive soil testing 
and local knowledge to identify the cause(s) of field variability. We conducted on-
farm trials to develop and apply site-specific management. Finally, we evaluated the 
soundness of management strategies to meet sustainable goals (economic, 
environmental and social). 
 
Yield mapping 
Site-specific yield data for crops were accessed from growers who collected yield data 
at harvest using yield-monitoring equipment fitted to the grain harvester, linked to a 
differentially corrected GPS. Yield monitor data were cleaned to remove spurious 
observations associated with harvester dynamics, speed changes, cutting overlaps and 
turns. When all seasons’ yield data had been interpolated to a common grid, 
multivariate k-means clustering analysis was used to define the productivity zones.  
 
Remote Sensing 
Surrogate yield data can be obtained by calibrating an archive of limited ground-based 
measurements of yield to the Normalised Difference Vegetation Index (NDVI), 
derived from an archive of remotely sensed imagery at flowering. For a 10-year study 
period on a wheat-growing farm at Goondiwindi, areas where yield consistently failed 
to reach the 75th percentile in a given year and over several years were regarded as 
constrained by at least one unknown factor. The predictions showed that 44% of the 
farm had consistently low yield. Soil samples averaged for the low-yielding area, 
compared with the high-yielding area, had relatively high concentrations of subsoil 
chloride and, in the topsoil, relatively high exchangeable sodium percentage, unused 
nitrate nitrogen and unused volumetric moisture content after the harvest of crop and 
after dry finish. Therefore, these techniques and methods offer the ability to delineate 
areas suspected of subsoil constraints, and to estimate the monetary value of 
appropriate site-specific management options so as to optimise economic returns. 
 
Electromagnetic induction 
Soil physical and chemical properties measured in the 0-1.5 m depth in the soil profile 
showed that EM38 measurements (ECa; apparent electrical conductivity) either at 
upper limit (fully wet soil profile) or at lower limit (soil moisture at crop 
physiological maturity) were positively correlated with soil Cl concentration or 
electrical conductivity of saturated extract (ECse), and soil moisture.  Although the 
spatial patterns of ECa remain temporally similar, ECa at lower limit gave stronger 
correlation with measured soil properties than ECa at upper limit. In general, ECa 
provided the best estimates of the deep subsoil properties and especially for soil Cl 
concentration and ECse. Strong negative correlations between ECa measurements at 
lower limit and soil moisture at lower limit indicated the presence of subsoil 
constraints. Cereal yields showed strong negative correlation with ECa measurements 
both at upper limit and lower limit (although stronger with the latter). Strong 
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correlations between ECa at lower limit, and soil properties associated with subsoil 
constraints in the region and winter cereal yields indicate that management zones 
delineated by ECa at lower limit provide an excellent framework for site-specific 
management of winter cereal crops in the region.  
 
Estimating soil’s plant available water capacity (PAWC) 
Measured soil water in 0-1.5 m soil depth at wet and dry profiles had a positive 
relationship with profile-average ECa. The values of coefficient of determination 
between measured soil water and profile average ECa were substantially higher in the 
dry profile than the wet profile. Predicted PAWC showed good agreement with the 
measured PAWC, with most of the values were near 1:1 line. A comparison of spatial 
variability of predicted PAWC with measured PAWC showed reasonably good 
agreement.  
 
Managing variability 
 
Potential management zones based on multi-year grain yield, remote sensing and ECa 
of paddocks into either two or three zones used in the present study. On-farm trials 
were conducted to find the optimum management strategy for each zone. The 
strategies were evaluated in terms of economic, environmental and social 
perspectives. 
 
For all 7 focus sites, we were able to quantify spatial and temporal variability in grain 
yields and underlying cause(s) of this variability. All selected sites had coefficient of 
variation in grain yield greater than 10 suggesting that there was sufficient variation to 
divide the paddock into different zones. Most notable differences in zones were 
significantly higher Cl concentration in the subsoil at about 0.6 to 1.1 m soil depths, 
high exchangeable sodium percent (ESP) and/or high exchangeable magnesium 
percent (EMgP) at the surface as well as in the subsoil in low yielding areas as 
compared to medium and/or high yielding zones. In general, low yielding zones as 
compared to high yielding zones had high concentration of unused NO3-N throughout 
the soil profile; however, differences were most pronounced in the subsoil. In both 
2008 and 2009 years, winter crops had dry finish and low yielding zone had 
significantly higher unused soil moisture after the harvest of crops, which indicated 
presence of subsoil constraints.   
 
Benefits to matching input(s) and/or ameliorating constraint(s) to realistic yield 
potential were quantified on six sites. For example, on-farm trials conducted on site 1 
showed no significant response to applied N in the constrained areas, resulting in a 
loss of $45/ha/annum with farmer’s uniform rate of N application. On the other hand, 
the unconstrained area being under-fertilized resulted in a loss in potential production. 
On site 5, the gross margin with farmer’s uniform application of 100 kg N/ha was 
$31/ha in unconstrained areas which decreased to -$19/ha in constrained areas. 
Similarly at site 4, the gross margins at farmer’s uniform application of 40 kg MAP/ha 
were estimated to be A$12/ha for unconstrained and -A$21/ha for constrained areas. 
 
Relatively constrained areas of all sites except at site in Narrabri had high ESP and/or 
EMgP in the surface soil. Application of gypsum @ 2.5t/ha was evaluated. In general, 
gypsum significantly improved grain yield at all the sites, however, gypsum 
application was uneconomical in the first year of its application. In general, full 
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benefit of gypsum could be realised for next 3-4 years after gypsum application.  For 
example, gypsum applied once at 2.5 t/ha in 2004 resulted in cumulative profit of 
$143/ha in 3 years of cropping. Application of gypsum also resulted in an increase in 
10 mm of PAWC after 4 years with a deep leaching of 115 tonnes of NaCl equivalent 
salt from 0-1.5 m depth in the soil profile. 
 
Besides matching inputs to realistic yield potential in the presence of soil constraints 
and ameliorating with gypsum, we also evaluated relative performance of winter and 
summer crop species for adaptation. In constrained areas, growing chickpea resulted 
in moderate to severe yield penalty. In these areas, farmers decided to stop growing 
chickpea and had sown to pasture on Site 2, oats on Site 3 and barley on Site 5. 
 
Cultivar adaptation to subsoil constraints 
 
Wheat genotypes with the desirable root traits of SeriM82 tended to show less yield 
reduction than some other genotypes.  The yield benefit from these traits seems to be 
expressed not only in unconstrained soils but also in the presence of subsoil 
constraint. Superior performance in the presence of subsoil constraint appears to be 
associated with superior performance under water-limited conditions in certain 
genotypes. There appears to be a scope for growers to optimise productivity in the 
presence of subsoil constraint by making informed choices among existing cultivars. 
 
All sorghum hybrids showed significant decrease in grain yield grown on constrained 
sites compared with unconstrained sites. However, the differences within hybrids 
grown on either constrained or unconstrained sites were not significant.  
 
 
Discriminating crops under subsoil constraint using hyperspectral 
sensor 
 
The canopy reflectance data collected using a field spectrometer corresponded to a 
field view of about 44 cm diameter on the canopy. The partial least square regression 
analysis of the data showed that it is possible to discriminate the canopy reflectance of 
crops taken between two sites of different soil attributes. The correlation coefficient 
between predicted and measured values in a model used to discriminate subsoil 
constraints using reflectance data of wheat and barley crops was high. The best bands 
were observed from those bands in the red and near infrared regions.  
 
Subsoil constraints threshold 
 
The yield penalty due to high subsoil Cl was seasonally variable, with more in-crop 
rainfall (ICR) resulting in less negative impact. A conceptual model to determine 
realistic yield potential in the presence of subsoil Cl was developed from significant 
positive linear relationship between crop lower limit and subsoil Cl. 
 
 Realistic potential yield = [(ICR+PAW) * water use efficiency] ± subsoil Cl 
 
In-crop rainfall, available soil water at sowing in the 0.70-0.90 m soil layer and soil Cl 
in the 0.90-1.10 m soil layer accounted for 80-92% of the variation in grain yields of 
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the 5 winter crops including bread wheat, durum wheat, barley, chickpea and canola. 
Inclusion of exchangeable sodium percent of the top soil (0-0.1 m soil layer) 
marginally increased the descriptive capability of the ridge regression model. Subsoil 
Cl concentration was found to be the principal determinant of subsoil water 
extraction. We defined the levels of subsoil constraints based on Cl concentration in 
the top 1 m of soil below:  
 
Cl < 400 mg/kg Low subsoil constraints (no yield penalties) 
Cl = 400-600 mg/kg Mild subsoil constraints (legumes especially chickpea 
start to show yield penalties) 
Cl = 600-1000 mg/kg  High subsoil constraints (most cereals e.g. durum wheat, 
bread wheat, barley and oilseed crops such as canola, 
mustard show yield penalties) 
Cl > 1000 mg/kg Very high subsoil constraints (low grain yields; crop 
production may not be economic) 
 
 
Dissemination of project outcomes 
 
The project team coordinated and delivered multiple learning activities for growers 
and advisors across the northern grains region. Each activity was designed to 
disseminate practical information to (a) raise awareness and knowledge of subsoil 
constraints, (b) identify the spatial variability of subsoil constraint, and (c) manage 
subsoil constraint variability to increase profitability and reduce the environmental 
footprint. A total of 13 action learning workshops and several presentations or 
discussions delivered at grower group meetings in Queensland and New South Wales. 
Research data from the project had also been disseminated through 11 field days, 5 
Healthy Soil workshops, Healthy Soil Symposium to advisers and growers throughout 
the northern grains region. 
 
The project team also published peer reviewed research papers, conference papers, 
technical notes (see list of publications) and various other written resources including: 
 
• Workshop manual (Managing Paddock Variability Using Precision 
Agriculture): A guide to managing paddock variability using precision 
agriculture, 
• Workshop workbook (Maximise Gains by Managing Subsoil Constraints: 
Options and Impacts): A guide to interpret soil test results to optimise 
management options. 
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Subsoil Constraints Variability 
 
Salinity, sodicity, acidity and phytotoxic concentrations of chloride (Cl) in subsoil are 
major constraints to crop production in many soils of north-eastern Australia. The 
primary impact of these variable subsoil constraints is to increase the lower limit of 
plant available water. Among subsoil constraints, subsoil Cl concentrations have a 
greater effect in reducing soil water extraction in the subsoil (DNR00004). It is 
reasonable to expect that the spatial patterns of subsoil constraints will manifest in the 
spatial patterns of crop growth. Subsoil constraints vary both spatially across the 
landscape and within soil profiles. For example, six soil cores taken at 25 m apart 
within a paddock showed large spatial differences (Figure 1a). Soil Cl concentrations 
ranged from 25-374 (123±118) mg/kg in the surface soil and 49-3009 (1079±899) 
mg/kg in the subsoil and showed large vertical and horizontal variability. In another 
198 ha paddock, the spatial variability of subsoil Cl concentrations varied from < 20 
mg/kg to 3868 mg/ha at 0.9-1.10 m soil depth (Figure 1b). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Spatial variability of soil Cl (a) in 6 soil profiles taken <25 m apart in 
Roma and (b) 12 soil profiles on a 198 ha farm in northern NSW. 
 
Grid sampling or traditional soil mapping to define soil polygons to identify the 
distribution of possible subsoil constraints, both spatially across the landscape and 
within the soil profile, is time-consuming and expensive.  It has been possible to 
identify sites that clearly manifest subsoil constraints at point scale; however, growers 
need simple and cost effective ways to identify a constraint without expensive soil 
surveys at paddock or farm scale. We attempted to identify subsoil constrained crop 
variability through the use of data sources rich in spatial information. 
 
There are two types of variability: 
  
• Spatial variability: the variation found in soil and crop parameters (e.g. soil 
pH, salinity, crop yield) across an area at a given time 
• Temporal variability: the variation found in soil and crop parameters within 
a given area at different measurement times. 
 
To quantify and map spatial and temporal variability we selected seven focus sites 
throughout northern grains region (Figure 2). The farm fields were located near 
Biloela (24o 33’ S, 150o 54’ E), Muckadilla (26o 70’ S, 148o 64’ E)), Wallumbilla (26o 
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67’ S, 149o 04’ E), Goondiwindi (28o 18’ S, 150o 31’ E), Garah (29o 03’ S, 149o 81’ E), 
Bellata (29o 99’ S, 149o 82’ E) and Narrabri (30o 08’ S, 149o 45’ E). These fields were 
selected in part due to the degree of within-field soil and production variability 
present, and to represent the range of climate, soil and landscape characteristics, 
typical of much of the Australia’s northern subtropical grains region. These fields also 
have a history of yield maps, and the farmers intended to continue map crop yields for 
subsequent crops.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Location of trial sites in the Northern grains region. 
 
Tools for mapping soil and crop variability  
 
Generally there are three ways to measure soil and crop variability: 
? Discretely (e.g. point sampling of soil or plant properties) 
? Continuously (e.g. on the go yield monitoring, EC sensor) 
? Remotely (e.g. through aerial photographs, satellite image). 
 
In this project we integrated spatial data using yield monitoring, electromagnetic 
induction, remote sensing, topographic data, and growers’ knowledge and experience 
to partition fields into potential management zones.  We used extensive soil testing 
and local knowledge to identify the cause(s) of field variability. We conducted on-
farm trials to develop and apply site-specific management. Finally, we evaluated the 
soundness of management strategies to meet sustainable goals (economic, 
environmental and social).     
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Yield Mapping 
 
Site-specific yield data for crops were accessed from growers who collected yield data 
at harvest using yield-monitoring equipment fitted in the grain harvester and linked to 
a differentially corrected GPS. Site 1 had yield data for sorghum 2005 and wheat 
2007; Site 2 had yield data for wheat 2005; Site 3 had yield data for chickpea 2003, 
wheat 2004 and wheat 2008; Site 4 had yield data for sorghum 2000, wheat 2001, 
wheat 2002, wheat 2007 and wheat 2009; Site 5 had yield data for barley 2005, barley 
2007 and barley 2009; Site 6 had yield data for chickpea 2003, wheat 2005 and wheat 
2009 and Site 7 had yield data for wheat 2006, chickpea 2007 and wheat 2008. 
 
Each season’s yield data was passed through several cleaning algorithms to remove 
erroneous yields associated with harvester dynamics, speed change, overlaps and 
turns. The clean yield data for each paddock and season was spatially interpolated 
with block kriging to a 5m x 5m grid using an exponential semivariogram model, 
using the VESPER kriging software. The clean yield data was used for statistical 
analysis and map production. Grain yield data was imported into ArcGIS 9.3 and 
transformed into the Map Grid of Australia 1994 co-ordinate set (Zone 56 for Sites 1 
and 4, and Zone 55 for Sites 2, 3, 5, 6 and 7).   
 
Variation between seasons was determined using a temporal coefficient of variation 
(CV). Areas with a low temporal CV (i.e. stable) but high-yields are likely to be 
worthwhile investing more inputs as they have a better guarantee of crop returns than 
low-yielding areas. Unstable areas, with temporal CV of >25%, are risky areas for 
making management decisions. 
 
Raw yield data obtained from all farms contained erroneous data for various reasons. 
The yield data was cleaned by removing the upper and lower threshold of 10 and 0 
t/ha. Secondly, values that lie outside ± 2.5 standard deviation were removed.  As an 
example of yield mapping from raw yield data, we present results for one farm near 
Goondiwindi (Site 4). The results for other sites are given in Appendix 1. The 
example given here includes crop yield data collected for a 225 ha field in 2001 
(wheat), 2002 (wheat) and 2007 (wheat).  Cleaning yield data resulted in only less 
than 1% loss of data, but improved the ability to explain yield variability and accurate 
management decisions (Figure 3). 
 
 
Figure 3. Raw and clean yield map with distribution of yield of wheat grown on 
Site 4 in 2007. 
 
Raw yield map Mean = 1.30;  
SD = 043; CV = 32.9 
 
Clean yield map Mean = 1.30;  
SD = 0.42; CV = 32.0 
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Grain yield data for different years was analysed for spatial and temporal variability. 
In this example, coefficient of variation in any given year varied between 20% and 
35%, suggesting that there was significant variability within the paddock to warrant 
differential treatment. However, combining yield data for three years resulted in 56% 
coefficient of variation (Figure 4). This suggests that variability between seasons is 
more than the variability within a season. Therefore, differential management must 
consider both spatial and temporal variability.     
 
 
Figure 4. Spatial and temporal variability of wheat grown on Site 4. 
 
We defined productivity zones by using multivariate k-means clustering analysis with 
all seasons’ yield data on a common grid. The method creates disjointed classes by 
estimating cluster means, which maximises the variation within the cluster groupings. 
The number of clusters was obtained by calculating the confidence interval using the 
mean kriging variance to determine if yield response in classes is statistically different 
from each other.  The field was divided into three productivity zones with low 
yielding areas of the paddock. The western side of the paddock yielded poorly in most 
years (average wheat yield 1.09 t/ha), the middle of the paddock on average yielded 
1.41 t/ha and the eastern side of the paddock had mostly higher yield as compared to 
the rest of the paddock (average wheat yield 1.57 t/ha).  
 
  
 
 
 
 
 
 
 
Figure 5. Productivity zones based on wheat yield maps for years 2001, 2002 and 
2007 at Site 4. 
CV 21% CV 34% CV 34% CV 56% 
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 Remote Sensing 
 
As an alternative to intensive soil sampling, we attempted to identify subsoil-
constrained crop growth through the use of data sources rich in spatial information, 
such as remote sensing. The results presented here focussed on the wheat crops grown 
on Site 4 between 2000 and 2009 (inclusive). The location of each field on the farm is 
shown in Figure 6.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6. Location of fields on 2800 ha farm near Goondiwindi (Site 4). 
 
 
Method 
Table 1 presents information about individual fields on the farm, and when they were 
cropped with wheat, and the average planting date, date of anthesis and date of 
maturity in each growing season. In most years, the actual planting date for a given 
field was within ±7 days of the average date. The date of anthesis and maturity were 
estimated using the Agricultural Production Systems Simulator (APSIM), calibrated 
for the local area, and run with the average planting date as an input parameter. For 
each crop, field-average grain yield was weighed on delivery of the grain to the local 
silo. We refer to these averages herein as ‘farmer-reported yield’. Yield monitor data, 
collected at harvest with an AgLeader system linked to a differentially corrected GPS, 
were available for 38 out of the 64 wheat crops grown during the study period. Each 
set of yield monitor data was cleaned to remove spurious observations associated with 
harvester dynamics, speed changes, cutting overlaps and turns. The VESPER software 
was then used to krige, on 30-m blocks, the cleaned yield data for each crop. The 
interpolation grid was taken as the pixel centres of 30-m resolution Landsat imagery. 
This procedure linked the yield monitor data to the same spatial locations, and 
crucially, the same spatial scale as the remotely sensed information. 
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Table 1a. Details for the wheat crops grown on each field of the study site. 
 
Field 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 
P2 W W    W    W 
P3 W   W W   W W  
P15E  W W  W W  W  W 
P15W  W W  W   W  W 
P16E  W   W   W   
P16W  W   W   W   
P17E W W     W W W  
P17W W W      W W  
Lagoon    W  W    W 
Middle   W   W    W 
Back   W   W   W W 
Silo W  W   W   W W 
Yard     W    W  
Dunlop 
north 
   W    W   
Dunlop 
south 
        W W 
Tangan 
north 
 W W   W    W 
Tangan 
south 
  W W    W W  
(b)           
Event 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 
Sowing* 08/06 18/06 15/06 14/05 12/05 18/05 02/08 20/05 15/06 25/05 
Anthesis# 16/09 25/09 21/09 28/08 27/08 28/08 14/10 04/09 23/09 02/09 
Maturity# 20/10 31/10 24/10 03/10 07/10 05/10 15/11 11/10 28/10 08/10 
‘W’ indicates a wheat crop was grown; bold face indicates that yield monitor data were obtained.  
*Average for the farm (format: date/month).  
#Estimated by a locally calibrated version of the APSIM crop model (format: date/month). 
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Remotely sensed imagery   
One cloud-free image from the Landsat-5 Thematic Mapper (TM) or Landsat-7 
Enhanced Thematic Mapper Plus (ETM+) satellite sensors were acquired per growing 
season, as close to anthesis as possible (Table 2). NDVI was calculated according to 
the following equation:  ( ) ( )RedNIRRedNIR λλλλNDVI +−=  
 
where NIRλ  is the reflectance in the near-infrared spectral band, approximately 790–
900 nm, and Redλ  is reflectance in the red spectral band, approximately 620–680 nm. 
The NDVI, a number between -1 and +1, quantifies the relative difference between 
NIR reflectance and red reflectance in the spectral signature. Green vegetation will 
generally have an NDVI of >0.5; dead vegetation will generally have an NDVI <0.2. 
The spatial pattern of NDVI has been shown to be closely correlated with the spatial 
pattern of grain yield. 
 
All ETM+ images taken since May 31st, 2003, were affected by an internal failure in 
the sensor that created striations of un-scanned locations. To circumvent this problem 
we obtained additional cloud-free ETM+ images before and after the ETM+ image at 
anthesis, and used the method of Pringle et al. (2009) to interpolate NDVI at the un-
scanned locations on the middle date. In 2005 the additional images were acquired on 
August 17th and September 18th; in 2008 the additional images were acquired on 
September 10th and October 12th. 
 
Table 2. Details for the Landsat images acquired as close to anthesis as possible. 
 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 
DOA* 20/09 23/09 10/09 05/09 23/09 02/09 15/10 16/09 26/09 05/09 
Sensor ETM+ ETM+ ETM+ TM TM ETM+ TM TM ETM+ TM 
*Date of acquisition (format: date/month). 
 
In-crop rainfall   
The observed ICR at the farm (2000–2009, inclusive) is shown in Figure 7. 
Observations were recorded at a single location, which we assumed spatially constant 
for the entire farm. The amount of rainfall for each growing season has been split 
according to: (i) the amount received between the average sowing date (Table 1b) and 
the date Landsat imagery was acquired 
(Table 2), inclusive (denoted ‘ICR_BL’); 
and, (ii) the amount received in the 28-d 
period after Landsat image was acquired 
(denoted ‘ICR_AL’). Twenty-eight days 
period was chosen on the basis that wheat 
after anthesis would have already 
assimilated a large proportion of its biomass 
into grain (physiological maturity), and 
therefore little demand for water beyond this 
period (APSIM).   
 
Figure 7. In-crop rainfall at Site 4 near  
Goondiwindi. 
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Yield modelling 
For the 38 wheat crops where yield monitor data were available (Table 1), we 
extracted the NDVI and interpolated yield monitor data. We considered each crop to 
be a stratum in a stratified sampling design. From each crop we sampled, without 
replacement, a random selection of 5% of the data. This resulted in a total of n = 3450 
data to develop three empirical-statistical models that related grain yield to NDVI. 
The first model, referred to herein as the ‘simple linear model’, was:  
 
ijijij xbby ε++= ,110        (2) 
 
where ijy  is an observation of yield at the i
th location in the jth growing season; ijx ,1  
represents an observation of NDVI at the ith location in the jth growing season; kb  
(where { }1,0=k ) are linear parameters; and, ijε  is an instance of model error, which, 
as a whole, is distributed as ( )2,0~ σN . The values of the linear parameters were 
estimated by ordinary least-squares, justifiable on the basis of the stratified random 
sampling design. The least-squares fit was weighted by the inverse of the block-
kriging variance. Equation (2) can be re-expressed as: ( ) ijijij xfby ε++= ,10 , where 
0b  is the y-intercept and ( )ijxf ,1  denotes a generic (though in this case linear) function 
of NDVI. 
 
The second model, the ‘multiple linear model’, was: 
 
 ( ) ( ) ( ) ij,j,ij,j,ijij fffby ε++++= 21210 x,xxx     (3) 
 
where 0b  and ( ),ijf 1x  are as above; jx ,2  represents the jth observation of ICR_AL; ( )jxf ,2  was a linear function of ICR_AL; and, ( ),j,ijf 21 x,x  denotes the linear 
interaction of NDVI and ICR_AL. As above, the values of the parameters were 
estimated by ordinary least-squares, weighted by the inverse of the block-kriging 
variance. 
 
The third model, referred to as the ‘cubic spline model’, had the same form as the 
multiple linear model, but instead of ( ),ijf 1x  denoting a linear function, we replaced it 
with a cubic regression spline. A cubic regression spline is a set of cubic polynomials, 
joined end to end to form a ‘wiggly’ function (an accepted term in the spline-fitting 
literature). A model that includes a spline function is known generally as an ‘additive’ 
(as opposed to a linear) model. We used the mgcv library of the R statistical software 
to fit the cubic spline model. In summary, the fitting procedure uses cross-validation 
to optimise the balance between function wiggliness and goodness-of-fit; in the 
interest of parsimony, wiggliness must be minimised. The linear components of the 
additive model (i.e. ( )jxf ,2  above) are estimated simultaneously by the procedure.  
 
The performance of each model was evaluated on another independent, stratified 
random selection of 10% of the data (n = 6900 in total). Validation criteria were the 
root-mean-squared error (RMSE) (to quantify precision) and the concordance 
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correlation coefficient ( cρ ) (to quantify accuracy). The concordance correlation is a 
measure of the fidelity of a predicted variable to a corresponding observed variable: 
 
( )222 ,2 popo poc
C
μμσσρ −++=       (4) 
 
where: poC ,  is the sample covariance of observed yield with predicted yield; oμ  and 
2
oσ  are the sample mean and sample variance, respectively, of observed yield; and, 
pμ  and 2pσ  are the sample mean and sample variance, respectively, of predicted yield. 
The sample variances, covariance, and means were computed according to standard 
procedure for stratified sampling. A concordance correlation of 1.0 represents perfect 
agreement, i.e. each pair of observed and predicted values are equal.  
 
Identification of potentially constrained sub-regions of fields  
We used the method of Lobell et al. (2007) to identify locations that failed 
consistently to reach a specified yield quartile in any given year. We 
specified 75.0=p  as a threshold, i.e. the upper quartile. For example, if a particular 
field was cropped to wheat q times during a period of interest, for the first of the q 
crops we calculated the upper quartile of predicted yield for the field, and transformed 
the predictions into a binary variable, where ‘1’ indicated that the crop exceeded the 
upper quartile, and ‘0’ indicated otherwise. This process was repeated for the 
remaining crops. The q binary variables formed a Bernoulli trial, from which we 
could test a null hypothesis that the probability of exceeding the quartile was no 
different from random chance. The probability of random chance was: 
 
( ) ( ) ( )( )xqxqx ppxX −−== 1Pr       (5) 
 
where x was the number of successful outcomes. When ( )xX =Pr  was less than the 
observed probability of exceedence, this was evidence that the null hypothesis, i.e. 
that no part of the field was consistently below the threshold in a particular number of 
years, could be rejected. Implicit in the method of Lobell et al. (2007) is that an 
accurate representation of the variance of yield is arguably more important than an 
accurate representation of the mean because analysis on quartile thresholds effectively 
nullifies the influence of the mean.  
 
Soil sampling and analysis 
Soil sampling was done under a stratified random design. Strata were determined by 
the variation in an ancillary variable with a plausible relationship to the target variable 
(i.e. the subsoil constraints). We used as the ancillary variable the apparent electrical 
conductivity (ECa) of the soil. This variable was mapped for each field of the farm 
using a Geonics EM38® instrument in vertical dipole mode, collected on 34-m wide 
transects at 1-s intervals, at travel speeds of 20 to 30 km/h. All ECa data were block- 
kriged at the nodes of a 5m × 5m grid, on 20m blocks, using a local exponential 
semivariogram model, with VESPER kriging software. The resulting map of ECa data 
was stratified into five equal intervals. A minimum of one location was randomly 
selected within each stratum for soil sampling.  
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Calibration and validation of statistical models  
The coefficients for the three fitted models are presented in Table 3. As expected, 
yield was positively correlated with NDVI in each model. The multiple linear model 
and the cubic spline model showed that yield was also positively correlated with 
ICR_AL. The interaction term of multiple linear model was negative, but positive for 
the cubic spline model. 
 
Table 3. Regression coefficients for the three models of wheat yield 
Simple linear model: 
0005.00 −=b , 151.31 =b  
 
Multiple linear model: 
087.00 −=b , 880.21 =b , 023.02 =b , 002.03 −=b  
 
Cubic spline model: 
738.00 =b , ( )spline cubic120.11 +=b , 022.02 =b , 006.03 =b  
Key: intercept 0 =b ; NDVI 1 =b ; ICR_AL 2 =b ; ICR_ALNDVI 3 ×=b  
 
The coefficient for NDVI in the cubic spline model comprises a linear component 
(value of 1.120) and a non-linear component, described by the spline itself. The effect 
of the spline is best related visually, by plotting NDVI against the residuals of the 
multiple linear model, then overlaying the partial predictions of the spline function 
from the cubic spline model (Figure 8). The fit of the spline to these residuals is non-
linear. The increasing trend at relatively small values of NDVI gives way to a 
relatively flat response between 0.35–0.65 units of NDVI, and then reverts to the 
increasing trend thereafter. We expected to see a sigmoid-type response, and to an 
extent the cubic spline has realised this expectation.   
 
 
 
 
 
 
 
Figure 8. The residuals of the 
multiple linear model (black dots) 
as a function of NDVI, overlaid 
with the spline component of the 
cubic spline model (black line). 
 
 
 
 
 
The predictions of each model were compared with the independent validation data. 
The simple linear model performed the worst of all three models. By accounting for 
ICR_AL (and its interaction with NDVI) in the multiple linear model, the 
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concordance correlation coefficient was improved by 0.13 units, and RMSE was 
decreased by 0.09 t/ha compared with the simple linear model. This improvement 
suggests that the amount of post-anthesis rain has a strong influence on the yield of 
the crop (through its role in grain-filling), and the relative complexity of the multiple 
linear model is justified. For the cubic spline model, accounting for non-linearity 
between NDVI and yield improved predictive accuracy by 0.02 units of concordance 
correlation, and improved the RMSE by 0.02 t/ha compared with the multiple linear 
model. Although these overall differences were only minor compared with other 
models, the cubic spline model predicts relatively large yield (> 2.5 t/ha) with the 
greatest accuracy.  
 
Extrapolation of yield predictions 
As a further independent check on the predictive 
ability of the models, the mean predicted yield for 
each field was compared with farmer-reported yield 
(Figure 9). For the simple linear model there was a 
reasonably good agreement between mean predicted 
yield and farmer-reported yield. Most of the 
predicted values were close to the 1:1 line. The 
wheat yield was predicted, on average, within ±0.34 
t/ha.  
 
For the simple linear model, despite the 
reasonably good agreement between predicted 
and observed yield, predicted yield was 
consistently overestimated in years 2005, 2008, 
and 2009, but consistently underestimated in 2001 
and 2004. The model error had a strong positive 
correlation with ICR_AL (Figure 10). This could 
be because all the ICR_AL was received either at 
or physiological maturity, and was not utilised by 
the crop.  
 
The greatest over-estimation occurred in 2006, 
when a lack of rain meant that only one field was 
sown to wheat, and that the sowing was two months 
later than usual (Table 1; n.b. this crop was not 
yield-mapped and was therefore not part of the 
model-training procedure). This highlights a 
potential deficiency in our method: an assumption 
that the crop has been sown inside the ‘normal’ 
window. Outside of this window, the crop will be 
subject to factors greatly different from those 
experienced by the crops used to train the model 
(e.g. effects of temperature, day length, and 
radiation received), which will ultimately decrease 
predictive ability.  
 
Figure 9. Comparison of field-average predicted wheat yields with farmer-reported yield, 
2000–2009: (a) simple linear model, (b) multiple linear model, and (c) cubic spline model.   
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Figure 10. Relationship between the model error of the simple linear model 
(observed yield – predicted yield) with in-crop rainfall after acquiring Landsat 
satellite image during 2000–2009 period. 
 
Although the multiple linear model (Figure 9b) and cubic spline model (Figure 9c) 
substantially improved the value of concordance correlation coefficient over the 
simple linear model (Figure 9a), the precision of yield predictions (as measured by the 
RSME) were comparable between three models (±0.31 – ±0.34 t/ha). The observed 
mean yield for the whole farm during the 10-year period was 1.72 t/ha. The simple 
linear model underestimated this mean (1.63 t/ha). The multiple linear model 
overestimated the mean (1.78 t/ha). The cubic spline model was unbiased (1.73 t/ha). 
Also, under the cubic spline model, in most years the predicted yields were fairly 
close to the farmer-reported yield.  
 
In summary, disregarding the outlying value of the 2006 growing season, independent 
validation gave us confidence that remote sensing measurements, coupled to rainfall 
measurements, can provide a reliable indicator of wheat yield. Considering that the 
cubic spline model returned the most accurate yield predictions over a variety of 
growing seasons, and showed the greatest range of variation, we used this model to 
identify areas of suspected subsoil constraints. 
 
Identifying the spatial variability of subsoil constraints  
Figure 11 shows for two fields (P15W and Dunlop South), the proportion of each field 
where yield, as predicted by the cubic spline model, exceeded the 75th percentile in a 
particular number of growing seasons. The theoretical binomial distribution is also 
shown. The way to interpret these figures is as follows. Five wheat crops were grown 
on P15W during the study period (Table 1). When viewed across multiple growing 
seasons, 3 % of the field exceeded the 75th percentile of predicted yield in all 5 years; 
6 % of the field exceeded the 75th percentile in 4 out of the 5 years, and so on. 
Ultimately, half the area of P15W did not exceed the 75th yield percentile in any 
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growing season. This value was much larger than we would expect to see under a 
binomial distribution, and so we conclude that yield on this field is significantly, 
consistently suppressed. For Dunlop South, a significant proportion of the field also 
failed to ever reach the 75th yield percentile, but the difference was not as convincing 
as for P15W, due to fewer growing seasons.  
Figure 11. (a) Probability of pixel exceeding 75th percentile of wheat yield during 
2000-09 period in the fields: (a) P15W, and (b) Dunlop south. 
 
Figure 11 shows the spatial pattern of where wheat yield (as predicted by the cubic 
spline model) failed to reach the 75th percentile in any growing season, across the 
extent of the farm. Forty-four percent of the area was consistently below the 
threshold.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 12. Spatial variability of predicted subsoil constraints that failed the yield 
to ever reach 75th yield percentile using cubic spline model. 
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Soil samples from the constrained areas contained significantly high concentrations of 
Cl in subsoil, high ESP in the surface soil, high NO3-N (unused by the crop), and 
higher volumetric moisture in the profile compared with unconstrained areas 
(Figure13). High Cl in the subsoil restricts the ability of the roots to extract moisture 
and nutrients from subsoil, high ESP in surface soil results in soil crusting, water-
logging and poor germination. The presence of unused NO3-N and moisture in the soil 
profile results in economic losses and environmental degradation.  
Figure 13. Comparison of Cl, ESP, NO3-N, and volumetric moisture in 
constrained (○) and unconstrained (●) areas. * indicate significance at P=0.05. 
 
Pseudo-Harvest Index (pHI) 
 
At all the sites, pHI obtained from mid-season satellite images was lower than the 
actual harvest index. There was no significant relationship between pHI and HI.  This 
could be because the growing season in 2008 and 2009 received significant in-crop 
rainfall, which resulted in significant higher grain yield than the average yields in the 
previous years. For example, a paddock in Moree yielded on an average at 4.25 t/ha as 
compared to the long term average of only 2.7 t/ha. The high rainfall resulted in less 
reliance on stored subsoil moisture at grain maturity.    
  
 
 
 
 
 
 
 
 
 
 
 
Figure 14. (a) pseudo-harvest index for the field at Site 4 and Site 7 and (b) 
relationship between harvest index and predicted harvest index.
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Electromagnetic Induction  
 
Sensing technologies have enabled the targeted sampling to monitor and locate areas 
of potential subsoil constraints, providing both practical and economic advantages. 
EM38 technology uses electromagnetic induction to provide surrogate measurements 
of bulk soil EC (apparent electrical conductivity; ECa) of the soil profile providing an 
indirect indicator of some important physical and chemical properties.  
 
Method 
Three farm fields, one each in central Queensland, southern Queensland and northern 
New South Wales, with nearly flat topography (<1%) were selected for this study. 
The farm fields were located near Biloela (Site 1), Goondiwindi (Site 4) and Moree 
(Site 5).  Fields ranged from 56 to 257 ha in size. These fields were selected in part 
due to the degree of within-field soil and crop yield variability present, and to 
represent the range of climate, soil and landscape characteristics typical of much of 
Australia’s northern sub-tropical grains region.  
 
In this study, we used a Geonics EM38® linked to a data acquisition computer 
(Allegro cx) and differentially corrected Hemisphere GPS. The dGPS equipment was 
mounted on a vehicle, with the sensor towed behind on a conveyor belt mat (Figure 
15a). The instrument was kept covered in a perspex box during data collection to 
protect it from direct sunlight.  
 
 
 
 
 
 
 
 
Figure15a. Mobile apparent electrical conductivity data collection system, 
including EM38 sensor. 
 
The ECa data were collected across fields along 17-m wide transects at Site 4 and 24-
m wide transects at Sites 1 and 5 at 1-m intervals, at travel speeds of 30-35 km/h. 
Before carrying out surveys, the EM38 was calibrated according to the manufacturer’s 
specification. Two surveys were carried out, one each at wet profile, representing 
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upper limit (UL) of soil moisture (April-May 2009) and another at dry profile, 
representing lower limit (LL) of soil moisture extraction (October-November 2009) 
after the harvest of wheat crops at Sites 1 and 2 and barley crop at Site 3.  
 
The EM38 can be operated in both vertical dipole mode and horizontal dipole mode, 
providing an effective measurement depth of approximately 1.5 m and 0.75 m, 
respectively. We chose to use the EM38 in vertical dipole mode because the results 
from the previous project (DNR00004) showed that subsoil constraints in this region 
influenced water extraction and grain yield below 1 m soil depth. The sensor response 
to ECa varies as a nonlinear function of depth. Sensitivity in the vertical mode is 
highest at about 0.4 m below the instrument (Figure 15b).  
 
 
 
 
 
 
 
 
 
 
 
Figure 15b. Relative response of EM38 in vertical and horizontal dipole mode. 
 
The single value of ECa given by EM38 at any position is determined by the 
instrument’s response function.  ECa values are therefore depth-weighted averages.  
All positions were corrected for GPS antenna offset. ECa outliers were excluded by 
fitting data to a normal distribution curve. Seasonal variation in soil temperature was 
corrected using temperature correction factors calculated for a range of locations in 
eastern Australia. All position-corrected ECa data were block kriged to a 5m x 5 m 
grid using an exponential semivariogram model with VESPER kriging software to 
produce maps of soil ECa.  Kriged ECa data were imported into ArcGIS 9.3 and 
transformed into Map Grid of Australia 1994 (Zone 56 for Sites 1 and 2 and Zone 55 
for Site 3) co-ordinates.  The kriged ECa data for each field was converted to a 5m x 5 
m raster and stratified into five classes according to natural breaks in ArcGIS v. 9.3 
and a minimum of two locations were randomly selected within each class for soil 
sampling.  For selected points, the ECa values were obtained using nearest neighbour 
interpolation.  
 
A total of 39 sampling locations were selected over three fields. Two soil samples 
were taken per location during April-May 2009, using a 50-mm diameter tube and a 
hydraulic sampling rig. Samples were separated into 0.0-0.10, 0.10-0.30, 0.30-0.50, 
0.50-0.70, 0.70-0.90, 0.90-1.10, 1.10-1.30, and 1.30-1.50 m intervals. One set of 39 
soil cores was dried at 400C in a forced draught oven and ground to pass through a <2 
mm sieve for soil chemical analysis. The other set of soil cores was dried at 1050C to 
constant weight for measuring gravimetric moisture to determine bulk density on soil 
cores of known diameter and length (volume). During October-November 2009, only 
one set of soil samples was taken from same sampling locations as in April-May 2009 
and dried at 1050C to constant weight for measuring gravimetric moisture. Volumetric 
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moisture content was reported by multiplying gravimetric moisture content with bulk 
density. 
  
To facilitate relationships between ECa and soil properties, a weighted profile mean 
value for each soil analysis was obtained for each core to 1.5 m (Hedley et al. 2004):  
 
 xm = ((xn * dn) + (xn+1 * dn+1) + (xn+2 * dn+2)…..)/D 
 
where xm is the weighted mean value, xn is the analysis value for subsample n of the 
soil core, dn is the thickness (m) of subsample n of the soil core, and D is the total 
depth (m) of the soil core. 
 
Since ECa sensor response is not constant with depth, a set of data were created by 
weighting each soil analysis to 1.5 m by the sensor response: 
 
 Sm  = 4Z(4Z2 + 1)3/2 
 
where Sm is the relative response of EM38 and Z is the distance below EM38 sensor 
(m). 
 
To determine the relative contribution of soil properties to ECa with each depth 
interval, 4 sets of data were created by soil depth response to: (i) 0-0.1 m (surface 
soil), (ii) 0.1- 0.5 m (shallow subsoil; low subsoil constraint), (iii) 0.5 - 0.9 m (deep 
subsoil; moderate subsoil constraint), and (iv) 0.9-1.5 m (very deep subsoil; soil depth 
most restricted to the water extraction). 
  
Statistical analyses 
Linear regression and multiple stepwise regression models were developed between 
combined ECa value and measured soil properties from all soil-sampling sites and for 
individual site separately. Both ECa-UL and ECa-LL were compared with grain yields 
for significant associations using analysis of variance (ANOVA) and regression 
techniques using Genstat.     
 
Results 
 
ECa Maps  
Site 5 was surveyed for ECa 4 times over the 2-year period (Figure 16).  The ECa 
values were higher for the two surveys when soils were wet and close to the UL of 
soil moisture, as compared with the two surveys when soils were dry and close to the 
LL.  The ECa data from two surveys showed a strong correlation (r2=0.84, P<0.0001) 
when soil was wet, as did surveys when the soil was dry (r2=0.79, P<0.0001).  The 
magnitude of ECa measured at different times varied but the overall spatial pattern 
remained similar.  This is confirmed by examining the variograms of ECa at each 
survey time (Figure 17).  Variograms represent how variation changes as a function of 
the distance (the ‘lag’) between observations.  In Figure 17, the principal difference in 
the four variograms lies in how the magnitude of autocorrelated spatial variation 
changes through time.  The curvature of each variogram, which describes the spatial 
pattern, was quite similar, with maximum semivariance reached at about 1200 m in 
each case.  Regardless of time, the nugget variances (i.e. the y-intercepts) are 
generally close to 200 (mS/m).  Nugget variance comprises uncorrelated spatial 
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variation due to measurement errors, and due to fluctuations that occur over lag 
distances smaller than the minimum sampling interval.  This suggests that EM38 
observations can be repeated reliably at different dates.  The difference in the four 
variograms suggests a dependence on a temporally dynamic process.  The most likely 
process is soil moisture, as shown by the offset of data from the 1:1 line on plots 
showing relationships of EM38 surveys at UL and LL in 2008 and 2009 (Figure 18). 
 
(a) (b) 
(c) (d) 
 
Figure 16. ECa maps for four EM38 surveys over 2 years for Site 5. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 17. Variogram to compare relationship between variance with lag 
distance for ECa measurements at different EM38 surveys on Site 5. 
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Figure 18. Relationships of ECa for wet (April or May) and dry (October or 
November) soil profiles on Site 5. 
 
Profile vs EM38 Sensor weighting  
Overall relationships between soil properties weighted for either profile or EM38 
sensor readings for the combined results for three sites with ECa-UL is shown in 
Figure 19. Comparing the different weighting functions, correlations of ECa-UL with 
both sensor- and profile-weighted soil properties were significant and almost 
comparable for soil Cl, ECse, soil moisture, and clay content. The values of co-
efficient of determinations for profile-weighted soil properties were generally higher 
than sensor-weighted soil properties and were persistent across all the three sites (data 
not shown).  Subsequently in this research we used profile weighted soil properties 
unless otherwise specified.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 19. Relationships of soil ECa for three sites in north-eastern Australia 
with measured soil properties weighted for sensor (●) and profile (○). 
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Soil properties at different soil sampling depth regressed against combined ECa-UL of 
three sites showed significant positive relationships with soil Cl (Figure 20), ECse, soil 
moisture, clay and CEC, but significant negative relationships with bulk density (data 
not shown). Similar relationships were obtained between combined ECa-LL and soil 
properties at different soil sampling depth; however, generally the values of 
coefficient of regression equations were higher with ECa-LL as compared with ECa-
UL (data not shown). In general, the values of coefficient of determination for most 
soil properties increased with increasing soil sampling depth except SO4-S content, 
which decreased at 0.9-1.5 m soil depth.  In most cases, ECa-UL or ECa-LL provided 
the best estimates of the deep subsoil properties.  
 
Figure 20. Relationships of soil ECa for three sites in north-eastern Australia 
with soil Cl measured at surface and three subsoil depths. 
 
In stepwise regression, variation in ECa-LL for average profile (0-1.5 m) was best 
predicted by ECse. The addition of soil moisture at LL further significantly improved 
the prediction (Table 4).  However, in surface soil (0-0.1 m), shallow subsoil (0.1-0.5 
m), and deep subsoil (0.5-0.9 m) ECse, soil moisture at LL and exchangeable K best 
predicted variability in ECa. In very deep subsoil (0.5-1.5 m), the variability in ECa 
was best described by soil Cl; soil moisture and exchangeable K further improved the 
prediction.  Similar relationships were obtained between ECa-UL and soil properties; 
however, the values of coefficient of determination were lower than with ECa-LL.  
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Table 4. Step-wise multiple regressions relating soil properties and ECa 
measurements at lower limit for combined 3 sites in northern grains region 
 
ECse, electrical conductivity of saturated extract calculated from EC1:5, clay and Cl 
concentration (Shaw 1999); SMLL; soil moisture at lower limit; Cl, soil chloride 
concentration (mg/kg); Ex. K, exchangeable potassium (cmol/kg). 
 
 
 
 
 
 
 
 
 
 
 
 
 
Site 1 
None of the measured soil properties showed a significant relationship between ECa-
UL for profile average soil properties or at different soil sampling depths. However, 
ECa-LL was significantly and positively correlated with profile (0-1.5 m) average soil 
Cl (r2=0.65; P<0.01), ECse (r2=0.77; P<0.01), soil moisture at LL (r2=0.65; P<0.01), 
clay content (r2=0.55; P<0.01), and exchangeable Mg (r2=0.49; P<0.01) and Na 
(r2=0.79; P<0.01). The coefficient of determination between ECa-LL and soil Cl 
varied from 0.04 (P = 0.4) at 0-0.1 m soil depth, 0.39 (P < 0.01) at 0.1-0.5 m soil 
depth, 0.54 (P < 0.001) at 0.5-0.9 m soil depth, and 0.65 (P < 0.001) at 0.9-1.5 m soil 
depth. The corresponding values of coefficient of determination for ECse increased 
from 0.01 (P = 0.7) at 0-0.1 m to 0.74 (P < 0.001) at 0.9-1.5 m soil depth. The 
coefficient of determination between ECa at LL was higher with ECse than soil Cl. A 
similar increase in the values of coefficient of determination was obtained for soil 
moisture at LL and clay content.  Noticeably, the coefficient of determination between 
ECa at LL and exchangeable Mg and Na were significant (r2=0.24 and r2=0.49, 
respectively) at surface soil (0-0.1 m) and increased with soil depth to 0.9-1.5 m 
(r2=0.64 and r2=0.88, respectively); however, value of the coefficient of determination 
was higher with exchangeable Na than exchangeable Mg.  
 
In stepwise regression, variation in ECa-LL for average profile (0-1.5 m) was best 
predicted by ECse. The addition of exchangeable Na further improved the prediction 
(Table 3).  However, in surface soil (0-0.1 m) and shallow subsoil (0.1-0.5 m), 
exchangeable Mg best predicted variability in ECa while in deep subsoil (0.5-1.5 m), 
the variability in ECa was best described by ECse and exchangeable Na.  
 
 
 
 
 
ECa (LL) 0-1.5 m = -52.4 + 11.1 ECse + 0.27 SMLL 
        r2 = 0.92; RMSE = 26.6; P<0.0001 
ECa (LL) 0-0.1 m = -75.9 + 17.1 ECse + 1.95 SMLL + 65.7 Ex. K 
            r2 = 0.72; RMSE = 52.2; P<0.0001 
ECa (LL) 0.1-0.5 m = -189.9 + 5.73 ECse + 2.09 SMLL + 48.6 Ex. K 
       r2 = 0.94; RMSE = 25.8; P<0.0001 
ECa (LL) 0.5-0.9 m = -20.4 + 8.1 ECse + 0.72 SMLL 
           r2 = 0.92; RMSE = 26.5; P<0.0001 
ECa (LL) 0.9-1.5 m = -52.4 + 0.037 Cl + 0.91 SMLL+56.1 Ex. K 
       r2 = 0.91; RMSE = 28.7; P<0.0001 
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Table 3. Step-wise multiple regressions relating soil properties and ECa 
measurements at lower limit at site 1 in central Queensland 
ECse (dS/m), electrical conductivity of saturated extract calculated from EC1:5 (dS/m), 
clay (%) and Cl concentration (mg/kg) (Shaw 1999); Ex. Mg, exchangeable 
magnesium; Ex. Na, exchangeable sodium (cmol/kg). 
 
 
 
 
 
 
 
 
 
 
Site 4 
Profile average ECa-UL had positive relationships with profile average (0-1.5 m) 
exchangeable Na (r2= 0.40, P < 0.05) only. Profile average ECa-LL had positive 
relationships with average profile (0-1.5 m) soil Cl (r2=0.43; P<0.01), ECse (r2=0.46; 
P<0.01), soil moisture at LL (r2=0.70; P<0.001), exchangeable Na (r2=0.69; 
P<0.001) and CEC (r2=0.42; P<0.05). The coefficient of determination between ECa-
LL and soil Cl, ECse and soil moisture at LL were significant in deep (0.5-0.9 m) and 
very deep (0.9-1.5 m) subsoils and varied from 0.53 to 0.60 (P < 0.01) for soil Cl, 
from 0.62 to 0.66 for ECse and from 0.66 to 0.67 for soil moisture at LL (P < 0.01).  
However in surface soil, soil moisture at LL (r2=0.66; P<0.01) and in shallow subsoil, 
exchangeable Na (r2=0.42; P<0.05) best predicted the variability in ECa-LL.  
 
In stepwise regression, for the variation in ECa-LL for average profile (0-1.5 m), ECse 
was principal determinant of ECa-LL (Table 5). The addition of soil moisture at LL 
significantly improved the prediction. However, in deep subsoil (0.5-0.9 m), soil Cl 
and in very deep subsoil (0.9-1.5 m) ECse best predicted variations in ECa at LL. 
Addition of soil moisture at LL significantly improved the prediction in both deep and 
very deep subsoil.  
 
Table 5. Step-wise multiple regressions relating soil properties and ECa 
measurements at lower limit at Site 2 in southern Queensland 
ECse, electrical conductivity of saturated extract calculated from EC1:5 (dS/m), clay 
(%) and Cl concentration (mg/kg) (Shaw 1999); SMLL; soil moisture at lower limit 
(mm), Cl, soil chloride concentration (mg/kg); Ex. Na, exchangeable sodium. 
 
 
 
 
 
 
 
 
 
ECa (LL) 0-1.5 m = 33.1 + 16.6 ECse + 7.5 Ex. Mg 
           r2 = 0.82; RMSE = 12.1; P<0.0004 
ECa (LL) 0-0.1 m = 39.9 + 3.22 Ex. Mg 
           r2 = 0.57; RMSE = 7.0; P<0.004 
ECa (LL) 0.1-0.5 m = 66.4 + 3.77 Ex. Mg 
          r2 = 0.66; RMSE = 9.4; P<0.001 
ECa (LL) 0.5-0.9 m = 36.5 + 11.3 ECse + 6.4 Ex. Na 
          r2 = 0.82; RMSE = 12.1; P<0.001 
ECa (LL) 0.9-1.5 m = 36.2 + 6.0 ECse + 5.1 Ex. Na 
         r2 = 0.83; RMSE = 12.2; P<0.0005 
ECa (LL) 0-1.5 m = 45.8 + 3.44 ECse + 0.13 SMLL 
           r2 = 0.87; RMSE = 3.18; P<0.001 
ECa (LL) 0-0.1 m = 87.1 + 0.50 SMLL 
          r2 = 0.66; RMSE = 6.5; P<0.01 
ECa (LL) 0.1-0.5 m = 86.0 + 5.0 Ex Na 
        r2 = 0.42; RMSE = 6.3; P<0.05 
ECa (LL) 0.5-0.9 m = 59.8 + 0.02 Cl + 0.29 SMLL 
       r2 = 0.87; RMSE = 3.2; P<0.001 
ECa (LL) 0.9-1.5 m = 52.4 + 2.9 ECse + 0.30 SMLL 
       r2 = 0.85; RMSE = 3.45; P<0.001 
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Site 5 
Profile average ECa at both UL and LL had positive relationships with average profile 
(0-1.5 m) soil Cl (P < 0.05), CEC and soil moisture at UL (P < 0.05) and LL 
(P<0.01), respectively. In general, the coefficients of determinations were higher for 
ECa-LL than ECa-UL. Further, the coefficients of determination between ECa and soil 
Cl, ECse and soil moisture increased with increasing depth of soil sampling to 0.9 m 
depth. The coefficient of determination for soil Cl varied from r2 = 0.12 (ns) at 0-0.1 
m soil depth to r2 = 0.43 (P<0.01) at 0.5-0.9 m soil depth. The corresponding 
coefficients of determination for ECse increased from r2 = 0.17 (ns) at 0-0.1 m to r2 = 
0.37 (P<0.05) at 0.5-0.9 m depth, whereas for soil moisture, values increased from r2 
= 0.45 (P<0.01) at 0-0.1 m to r2 = 0.53 (P<0.01) at 0.5-0.9 m soil depth.  
 
In stepwise regression, ECa at UL and LL were best related to average soil profile (0-
1.5 m) soil moisture at UL and LL, respectively, however, the values of coefficient of 
determination were substantially higher for ECa-LL than ECa-UL. The addition of soil 
Cl, ECse or CEC did not further improve the prediction (Table 5).  
 
Table 6. Step-wise multiple regressions relating soil properties and ECa 
measurements at upper and lower limits at site 3 in northern New South Wales 
SMUL; soil moisture at upper limit (mm), SMLL; soil moisture at lower limit (mm); 
CEC, cation exchange capacity (cmol/kg) 
 
 
 
 
 
 
 
 
 
 
 
 
Relationships of Soil ECa with Measured Grain Yield-  
 
Relationships between profile average ECa (0-1.5 m) and crop grain yields varied with 
the ECa measurements obtained at different EM38 surveys (Figure 21). Comparison 
of mean ECa-LL within ECa-LL zones revealed strong negative relationships between 
ECa-LL and average grain yields across all three sites. Although comparison of mean 
ECa-UL within ECa-UL zones also revealed strong negative relationships between 
ECa-UL and average yield across Sites 2 and 3, however, the coefficients of 
determination were lower than those between ECa-LL and average grain yield. The 
relationship between ECa-UL and average yield at Site 1 was not significant.   
 
Since ECa measurements at LL provided stronger relationships with grain yields, only 
ECa measurements at LL were used for identifying potential management zones.  
 
ECa (UL) 0-1.5 m = -1073.1 + 2.12 SMUL 
         r2 = 0.36; RMSE = 47.7; P<0.05 
ECa (LL) 0-1.5 m = -744.3 + 1.76 SMLL 
        r2 = 0.87; RMSE = 20.2; P<0.0001 
ECa (LL) 0-0.1 m = -406.1 + 7.01 SMLL + 3.23 CEC 
       r2 = 0.72; RMSE = 31.2; P<0.01 
ECa (LL) 0.1-0.5 m = -202 + 3.34 SMLL + 0.09 CEC 
       r2 = 0.89; RMSE = 19.0; P<0.001 
ECa (LL) 0.5-0.9 m = -514 + 4.53 SMLL 
       r2 = 0.53; RMSE = 38.0; P<0.01 
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Figure 21. Relationships between 
average grain yield for 3 sites and 
natural breaks classification of ECa 
measurements at upper limit (UL) 
and lower limit (LL). 
 
Figure 22. Scatter plot of average 
grain yield for three sites as a 
function of ECa measurements at 
lower limit (LL). 
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Estimating Soil’s Plant Available Water Capacity  
 
Soil’s plant available water capacity (PAWC) is an important yield determinant and 
knowledge of its spatial variability within a field is useful for site-specific 
management.  However, field measurement is costly and time consuming. We 
measured the spatial variability of apparent electrical conductivity (ECa) using EM38 
in vertical (ECV) dipole modes for wet and dry soil profiles to see if ECa maps can be 
used to determine the spatial variability in PAWC.  
 
Relationships between apparent Electrical Conductivity and Volumetric Soil Moisture  
 
Measured soil water in 0-1.5 m soil depth at wet and dry profiles had a positive relationship 
with profile average ECV. The values of coefficient of determination between measured soil 
water and profile average ECV were substantially higher in the dry profile than in the wet 
profile. This was possibly because the paddock has high concentrations of subsoil Cl 
restricting the ability of roots to extract moisture in the subsoil thereby increasing lower limit 
of crop’s available soil water.  The relationships between measured soil moisture in the 0-1.5 
soil depth for ECV were substantially improved by considering both wet and dry profiles 
together (Figure 22). 
 
 
 
 
  
 
 
 
 
 
 
 
Figure 22. Relationships between measured soil water at 0-1.5 m and average profile 
apparent electrical conductivity measured in vertical dipole mode. 
 
Estimating Soil PAWC 
 
Predicted PAWC in 0-1.5m soil depth based on θ1.5m = a + b*(ECV) model, showed 
reasonably good agreement with the measured PAWC in the 0-1.5 m depth, with most of the 
values were near 1:1 line (Figure 23). 
 
  
 
Figure 23. Relationship between predicted 
and measured water content for the θ1.5m = a 
+ b* (ECV) model. Solid line represents the 
1:1 ratio. 
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Spatial Variability of PAWC and Subsoil Constraints 
 
A comparison of spatial variability of predicted PAWC (Figure 24a) with measured 
PAWC (Figure 24b) showed reasonably good agreement. Further, areas with low 
PAWC matched reasonably well with high concentration of subsoil Cl (Figure 3c) and 
high surface soil exchangeable Na. High Cl in the subsoil restricts the ability of the roots 
to extract moisture and nutrient from subsoil, high ESP in surface soil results in soil crusting, 
water-logging, and poor germination. 
 
 
  
  
 
Figure 24. Comparison of spatial variability of (a) predicted PAWC, and (b) measured 
PAWC with (c) subsoil Cl and (d) surface soil exchangeable sodium percent.
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Managing Variability  
 
Potential management zones (PMZ) based on multi-year grain yields, remote sensing 
and ECa significantly (P<0.001) partitioned all paddocks used in the present study 
into two (low-, and high-yielding zones) or three zones (low-, medium-, and high-
yielding zones).  On-farm trials were conducted to find out optimum management 
strategy for variable management zones. The strategy was evaluated in terms of 
economic, environmental and social perspectives. 
 
Site 1(Biloela) 
At  Site 1, this 56-ha paddock cultivated since 1960, the farmer clearly described at 
least 3 distinct zones: (i) low-yielding zone (average wheat yield 1.27 t/ha; ECa-LL 56 
mS/m) has coarse-textured soil and had scattered brigalow (Acacia harpophylla) 
vegetation; (ii) medium yielding zone (average wheat yield 1.99 t/ha; ECa-LL 89 
mS/m) has fine-textured black soil and had brigalow/softwood scrub; and (iii) high 
yielding zone (average wheat yield 3.36 t/ha; ECa-LL 112 mS/m) has grey to black 
soil and had no trees.  The soils have been classified as black Vertosols in both high 
and medium yielding zones and a grey Vertosol, originally described as a Sodosol, in 
the low yielding zone.  Average clay contents varied between 47% and 55% in the 
low yielding zone, between 53% and 59% in the medium yielding zone, and between 
38% and 44% in the high yielding zone (Figure 25).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 25. Potential management zones with selected locations for soil sampling 
and strip plot design for nitrogen fertiliser trial at Site 1 in Biloela. 
 
The whole paddock had some calcareous segregation in the soil profile, while in low 
and medium yielding zones there were also gypsic segregations.  Soil Cl 
concentrations and ECse were significantly higher below 0.8 m depth in low and 
medium yielding zones as compared to the high yielding zone. Both soil Cl and ECse 
followed a similar pattern throughout the soil profile. Exchangeable magnesium 
percent was significantly higher in the low yielding zone compared to medium and 
high yielding zones at all soil depths. However, differences between medium and high 
yielding zones were significant only at 0.4 and 0.8 m soil depths. Similar to soil Cl 
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concentration, NO3-N below 0.8 m depth was significantly higher in low and medium 
yielding zones compared to the high yielding zone. Soil moisture at LL was 
significantly higher in low and medium yielding zones than the high yielding zone at 
0.6 m soil depth; however, differences between low and medium yielding zones were 
not significant (Figure 26). Soil profile bulk density was significantly different 
between low and medium yielding zones but it was not significantly different between 
medium and high yielding zones.  Soil pH was slightly alkaline in all the three zones 
with no specific difference between the zones (data not shown). 
Figure 26. Soil profile distribution of Cl, ECse, EMgP, NO3-N and volumetric soil 
moisture at lower limit of the low-yielding zone (●), medium-yielding zone (○), 
and high-yielding zone (▼) at the Site 1. Horizontal bars shows significance at 
P=0.05 level for different zones and vertical bars shows significance at P=0.05 for 
soil depth. 
 
Response to applied nitrogen was evaluated in 
different PMZs.  Figure 27 shows the varying 
yield response to applied nitrogen of three 
PMZs in this paddock.  No significant response 
to applied N was obtained in zone 1 (low 
yielding zone), however, significant response to 
applied N was obtained in both medium- and 
high-yielding zones.   
 
 
Figure 27. Applied nitrogen response 
functions for three zones for 2009 wheat 
crop. 
 
The nitrogen requirement for each zone was calculated for each PMZs using realistic 
yield potential in the presence of soil constraints, protein goal and NO3-N present in 
soil in each PMZs: 
 
N required (kg/ha) = (RYP x protein goal x 1.75 x 2) - NO3-N to 0.9 m 
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Table 7. Gross margin analysis for comparisons between field uniform 
application of nitrogen and that possible under optimal N rate. 
 
 Zone 1 
(29 ha) 
Poor 
Zone 2 
(19 ha) 
Good 
Zone 3 
(16 ha) 
Best 
Field 
average  
(74 ha) 
Realistic yield 
potential (t/ha) 
1.3  2.2 3.3 1.8 
Nitrogen requirement 
(kg N/ha) 
59 100 150 82 
Average NO3-N in the 
soil (kg N/ha)  
119 55 36 70 
Uniform N 46 46 46  
Actual N required (kg 
N/ha) 
0 45 114  
Consequence of 
uniform N 
2.9 t urea 
waste; 
$45/ha 
loss 
41 kg urea 
under 
fertilized 
2.3 t urea 
under 
fertilized 
 
 
Table 7 showed that zone 1 (low yielding area) had substantial NO3-N in the soil 
profile and an additional 46 kg N/ha resulted in net wastage of 2.9 t urea as per 
farmer’s uniform nitrogen application. With current price of urea, this is worth 
$45/ha/annum, with potential environmental pollution due to nitrate-N leaching into 
ground water. On the other hand, zone 3 with highest yield potential was under 
fertilized. Matching nitrogen inputs in zone 3 would result in improving crop yield as 
well as reducing environmental pollution.  
 
To ameliorate 29 ha in zone 1 (low yielding zone), farmer had applied 2.5 t/ha 
gypsum in December 2009 and sown to wheat during winter 2010.  Visual 
observation at mid-tillering showed fairly similar crop growth in zone 1 as compared 
with zone 2.  Also farmer has reduced nitrogen application rate to 10 kg N/ha in zone 
1 to avoid wastage. The final yield results will be available at the harvest of crop in 
late September 2010. 
 
Site 2(Muckdilla) 
The Site 2 at Muckdilla (77 ha) has been classified 
as a grey Vertosol and had no significant 
differences in the clay contents between 
management zones.  The southern side of the 
paddock yielded poorly in most years (average 
wheat yield 1.24 t/ha) and northern side of the 
paddock had mostly higher yields (average wheat 
yield 1.61 t/ha) (Figure 28). 
 
 
 
 
 
 
Figure 28. Potential management zones for Site 
2 at Mucadilla. 
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Low yielding areas (14 ha) had higher Cl and EC in the subsoil as compared to high 
yielding areas, however, most of the high EC in the subsoil was due to insoluble 
gypsum. Low yielding areas also had high ESP in the surface soil (Figure 29), 
resulting into crust formation.  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 29. Soil profile distribution of soil Cl, ESP, NO3-N and EC1:5 in low 
yielding areas (●), and high yielding areas (●) at Site 2. 
 
Two on-farm trials were conducted during 2004 and 2005 to optimise management 
options. In the first trial, five winter crops were evaluated for their relative 
performance in the high-, and low-yielding areas of the paddock.   All five species 
grown on soil in Zone 2 had substantially low PAWC as compared to Zone 1 (Figure 
30) and resulted in very poor crop yields (data not shown). 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 30. Pattern of water uptake by five crop species grown at Site 2. 
 
In the second trial, gypsum was applied at 2.5 and 5.0t/ha in Zone 2. Gypsum 
application at 2.5 and 5.0 t/ha significantly increased wheat grain yields, by 9.1% and 
9.8%, respectively. The response to gypsum application was not economical in the 
first year of its application. Grain cropping in Zone 2 was uneconomical, hence the 
farmer decided to convert the paddock to grass pasture.  
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Site 3 (Wallumbilla) 
Site 3 (43 ha) at Wallumbilla was 
partitioned into 2 zones; low yielding 
zone (average yield 1.88 t/ha) and high 
yielding zone (average yield 2.54 t/ha) 
(Figure 29). Although there were 
substantial differences in grain yield in 
low and high yielding areas of the field, 
there were no significant differences in 
the soil physical and chemical 
properties. The differences in the grain 
yields were mainly due to edge effect 
and contour in the middle of the field. 
Therefore, the field was treated as one unit.   
 
 
 
Field-average Cl concentrations, ECse, and ESP increased with soil depth (Figure 30). 
Across locations at different depths, average Cl concentrations ranged from 20 to 
1900 mg/kg to a depth of 1.5 m and ECse ranged from 0.61 to 11.0 dS/m. Compared 
with Cl concentration, vertically averaged ECse was more spatially variable, which 
was primarily due to the presence of gypsum at depth. Across the farm, ESP ranged 
from 5.1 to 22.3%. Most of these soils were found to be saline (ECse >4.0 dS/m) 
below 0.5 m depth, sodic (ESP ≥ 6%) in surface and subsoil, and had potentially 
phytotoxic levels of Cl (> 600 mg/kg) below 0.5 m depth. 
 
 
 
 
 
 
 
 
 
 
 
Figure 32. Field-average Cl concentration, electrical conductivity of saturated 
extract (ECse), exchangeable sodium percent (ESP), and soil pH with depth. 
Error bars represent standard deviation. 
 
A number of on-farm trials including 
comparing relative performance of winter and 
pasture species, and gypsum and nutrient 
application were conducted to optimise crop 
production.  Chickpea crop was severely 
affected by high Cl in the subsoil (Figure 33).   
 
Figure 33. Chloride toxicity in 
chickpea grown on Site 3.  
 
Figure 31. Potential management 
zones for site 2 at Wallumbilla 
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Application of gypsum, increasing row spacing or increasing length of fallow period 
did not significantly improve crop yield. Compared with grain cropping, salt tolerant 
pasture, forage and fodder crops were successful in increasing ground cover, soil 
water use, and overall productivity in highly constrained subsoil areas of Site 3 
(DNR00004 Result book 2007). Farmer stopped growing chickpea on this paddock 
and paddock was sown to oats in 2009. 
 
Site 4 (Goondiwindi) 
The Site 4 (257 ha) has been classified as a grey 
Vertosol and had no significant differences in the clay 
contents between productivity zones.  However, the 
farmer who has been cultivating the paddock since 
1970, started to notice substantial differences in yield 
potential while harvesting from west to east since 1999.  
The western side of the paddock which shows 
substantial surface slake after cultivation, yielded 
poorly in most years (average wheat yield 1.09 t/ha; 
ECa-LL 122 mS/m), middle of the paddock on an 
average yielded 1.41 t/ha with ECa-LL 106 mS/m and 
eastern side of the paddock had mostly higher yield as 
compared to rest of the paddock (average wheat yield 
1.57 t/ha; ECa-LL 102 mS/m) (Figure 34).   
   
 
 
 
The most notable differences in management zones were significantly higher Cl 
concentrations and ECse in soil below 0.6 m.  Soil Cl and ECse were significantly 
higher in low yielding zone as compared to medium and high yielding zones; 
however, differences in medium and high yielding zones were not significant. Surface 
soil ESP was higher in low yielding zone than medium and high yielding zones, yet 
differences were non-significant. Differences in soil NO3-N were not significant 
between productivity zones.  Soil moisture at LL was significantly different between 
low yielding zone and high yielding zone, only at 0.4 and 0.6 m soil depths (Figure 
35).  
 
 
 
 
 
 
 
 
 
 
 
 
Figure 35. Soil profile distribution of Cl, ECse, ESP, NO3-N and volumetric soil 
moisture at lower limit of the low-yielding zone (●), medium-yielding zone (○) 
and high-yielding zone (▼) at Site 4 in southern Queensland. 
Figure 34. Potential management 
zones for Site 4 at Goondiwindi 
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Two trials were conducted to evaluate the economics of variable-rate (VR) and 
ameliorating high sodicity. The first trial was conducted to evaluate the response to an 
applied nutrient in constrained and unconstrained areas. Replicated three strips with 
varying rates of monoammonium phosphate (MAP) (0, 40 and 80 kg MAP/ha) were 
established.  Grain yield was measured with a yield monitor at the end of the season. 
The benefit of VR MAP was calculated at current value of A$0.80/kg MAP and wheat 
grain price of A$0.21/kg. Yield responses to applied MAP were significant only at 40 
kg MAP/ha in the unconstrained areas (Figure 36).  The gross margins at 40 kg 
MAP/ha were estimated to be A$12.0/ha/year for unconstrained and -A$21.0/ha/year 
for constrained areas.  The gross margins at 80 kg MAP/ha were negative for both 
unconstrained and constrained areas.  
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Figure 36. Responses of applied MAP in unconstraint and constraint zones at 
Field 15a. Within zone, bars with the same letter are not significantly different at 
P=0.05. 
 
The second trial was conducted to evaluate the crop response to gypsum. Randomised 
block design trial was started in 2004 on an adjoining farm that shared the same soil 
type as our study area.  Briefly, gypsum was spread at 2.5 t/ha on the soil surface and 
incorporated to a depth of 0–0.05 m. Yield monitor data for the trial was obtained for 
a wheat crop in 2005, a chickpea crop in 2007, and second wheat crop in 2008. The 
cumulative economics of one time gypsum application was obtained by calculating 
increase/decrease in crop yields as compared to without gypsum application at current 
value of A$0.01/kg gypsum, and wheat grain price of A$0.21/kg and chickpea grain 
price of 0.41/kg. 
 
Gypsum applied at 2.5 t/ha in 2004 increased wheat grain yield by 0.2 t/ha in 2005, 
chickpea grain yield by 0.46 t/ha in 2007 and wheat grain yield by 0.55 t/ha in 2008 
giving a net profit of $143/ha in 3 years. Application of gypsum also resulted in an 
increase in 10 mm plant available water capacity (PAWC) after 4 years, with a deep 
leaching of 115 tonnes of  NaCl equivalent salt from the 0-1.5 m soil profile.   
 
Site 5(Garah) 
The site 5 (189 ha) had uniform clay contents between the productivity zones and was 
classified as a grey Vertosol.  It had no distinct visual differences between zones. 
However, the farmer who has cultivated this paddock since 1980 clearly divided the 
paddock into two distinct productivity zones. The rough map prepared by the farmer 
closely matched the plant available water capacity (PAWC) map which was prepared 
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at the end of the study (data not shown).  The middle of the paddock with poor water 
infiltration was low yielding (average barley yield 2.36 t/ha; ECa-LL 289 mS/m), 
followed by adjoining areas of the paddock on an average yielded 2.61 t/ha with ECa-
LL 259 mS/m and rest of the paddock had mostly higher yield (average barley yield 
2.88 t/ha; ECa-LL 210 mS/m).   
 
 
 
 
 
Figure 37. Potential 
management zones for Site 
5 at Garah. 
 
 
 
 
 
 
In general, the whole paddock had high Cl concentrations and ECse in the subsoil 
below 0.4 m soil depth.  Soil Cl concentrations were distinctly lower in medium and 
high yielding zones compared to low yielding zone at all soil depths (Figure 38). The 
differences in Cl concentrations among different productivity zones were significant 
at all soil depths; however, differences in ECse among different productivity zones 
were significant only in the 0-1.0 m soil depth. Exchangeable sodium percent in 0-0.1 
m and at 0.4 m depth was significantly higher in the low yielding zone compared to 
the high yielding zone; however, differences between medium and low yielding zones 
were not significant. NO3-N was significantly higher in low yielding zones compared 
to high yielding zones in the 0-0.4 m soil depth and below this depth, the differences 
were non-significant. In general, the soil profile moisture contents at LL were higher 
in low yielding zone than high yielding zone; however, the differences were 
significant only at 0.6 and 0.8 soil depths.  
Figure 38. Soil profile distribution of Cl, ECse, ESP, NO3-N and volumetric soil 
moisture at lower limit of the low-yielding zone (●), medium-yielding zone (○) 
and high-yielding zone (▼) at Site 5 in northwest New South Wales.  
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Two trials were conducted in 2009 to evaluate the economics of variable rate of 
nitrogen at 20, 50 and 100 kg N/ha and ameliorating high sodicity with gypsum at 2.5 
t/ha or compost at 5 t/ha. Increasing rates of applied N significantly increased grain 
yield in all zones only up to 50 kg N/ha. However, in the constrained areas, the gross 
margin was only $56/ha at 50 kg N/ha and then decreased to -$19/ha at 100 kg N/ha 
while in the unconstrained areas gross margin was $71/ha at 50 kg N/ha and 
decreased to $31/ha at 100 kg N/ha. Both gypsum and compost significantly increased 
barley grain yield in constrained areas of the field only in the first year of its 
application.  Complete benefit of gypsum application would be evaluated on barley in 
winter 2010.  
Figure 39. Grain yield response to varying rate of MAP and gypsum application 
on constrained and unconstrained areas of the field at Site 5. 
 
 
Site 6 (Bellata) 
Site 6 (121 ha) at Bellata was partitioned into two zones; 
low yielding zone (average yield 2.8 t/ha and ECa 215 
mS/m) and high yielding zone (average yield 3.3 t/ha and 
ECa 170 mS/m) (Figure 40).   
 
 
 
 
Figure 40. Potential management 
zones for Site 6 at Bellata. 
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Figure 41. Soil profile distribution of EC, Cl, ESP, soil pH, NO3-N and 
volumetric soil moisture at lower limit of the low-yielding zone (●), and high-
yielding zone (●) at Site 6 in northwest New South Wales. 
 
The most notable difference in management zones was significantly higher ESP in the 
surface as well as subsoil; low yielding zone had ESP ranging from 8-10 in the 
surface soil to 40-60 in subsoil at 0.3m soil depth as compared to <4-5 in the surface 
soil and <20 in the subsoil of high yielding zone. The Cl concentrations and EC in soil 
below 0.6 m was above the critical level.  Soil pH in Zone 2 (low yielding) was 
significantly higher as compared to Zone 1 (high yielding), resulting in reduced 
uptake of nutrients as evident from build up of NO3-N in the soil profiles of Zone 2 
(Figure 41).   
 
Site 7(Narrabri) 
Site 7 (186 ha) at Narrabri was partitioned into two zones; 
low yielding zone (average yield 1.96 t/ha and ECa 108 
mS/m) and high yielding zone (average yield 2.57 t/ha 
and ECa 111 mS/m) (Figure 42). Although Zone 1 yielded 
on average 0.6 t/ha more than zone 2, the difference in the 
ECa was almost negligible.   
 
 
Figure 42. Potential management 
zones for Site 7 at Narrabri. 
 
 
 
No specific trend was observed between soil properties measured at different soil 
depths for Zone 1 and Zone 2 (figure not shown). In general, the field had very low 
concentration of Cl, and ESP. Clay contents were almost comparable between the 
zones.  
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Crop Tolerance to Subsoil Constraints 
 
Crop access to subsoil moisture and nutrients is often reduced by subsoil constraints.  
Reduced access to subsoil moisture leads to physiological effects of subsoil 
constraints that are often similar to those caused by terminal moisture stress.  We 
therefore, proposed the hypothesis that genotypes with superior adaptation to water-
limitation and or drought stress may perform better than standard varieties in the 
presence of subsoil constraints. 
 
In each year, two sites on a single property near Goondiwindi were chosen 
(approximately 28.13o S, 150.28 o E).   The sites were within one kilometre of each 
other and closely matched except that one site had favourable soil for crop growth 
(“control” site; Little Motel Paddock; LM) and the other site had subsoil constraints 
(“constraint” site; Dump Paddock; DP).  Chloride levels at the constraint site (DP) 
were in excess of 800 mg/kg at greater than 90 cm depths.  Soil chloride levels above 
800 mg/kg are considered likely to adversely affect the yield of wheat grown in 
northern grains region (DNR00004).  In 2008 a second site near Roma was used.  This 
site had a less severe level of SSC, with soil Cl levels above 600 mg/kg in the subsoil.  
After the 2008 trials and before the 2009 trial at Goondiwindi, gypsum was applied to 
the soil at the Dump Paddock site at the rate of 2.5 t/ha. 
 
Plant material 
In 2007 wheat genotypes were selected mainly for variation for either adaptation to 
water-limitation or to specific soil factors as described in Table 8.   
 
Table 8.  Characteristics of wheat genotypes selected for trials near Goondiwindi in 
2007. 
1 Hartog  Standard cultivar 
2 Baxter  Standard cultivar 
3 Janz  Standard cultivar (Al and B susceptible)* 
4 Yitpi  Al and B tolerant  related to Janz* 
5 Dhawar Dry  Drought tolerant Indian line+ 
6 Krichauff  High Na uptake SA line related to Warrakatta* 
7 Warrakatta  Low Na uptake SA line related to Krichauff* 
8 SeriM82  High yielding and drought tolerant+ 
9 Babax  High yielding CIMMYT line+ 
10 HSF1-255  High yielding double haploid related to SeriM82+ 
11 AUS30585  High yielding synthetic hexaploid wheat backcrossed to Kennedy+ 
 
A major factor in the study of soil-mediated variation in crop performance is the large 
spatial variation for soil factors in general and soil constraints in particular.  Standard 
partially replicated designs used by breeders were considered to lack sufficient 
statistical power to be able to detect genetic differences in performance in the 
presence of such variability.  For this reason fully replicated trials allowing for spatial 
analysis where designed.  The number of genotypes was also kept small to minimise 
the trial area and thus spatial variation. At each site, all genotypes were planted in 
plots 6m x 2m with row spacing of 25 cm with the target population density of 100 
plants m-2.  Three replicate plots of each genotype were planted at each site in a 
complete randomised blocked design allowing for statistical analysis. 
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Yield, yield components, height, days to anthesis and plant establishment were 
measured for all lines for all sites in each year.  Plant biomass at anthesis, grain 
protein and flag leaf tissue chemical composition was measured for a subset of lines at 
certain sites only.  Soil moisture to a depth of 1.5 m was determined by soil sampling 
at the time of planting and again close to the time of harvest at each site for one or two 
of the three reps only.  The crop lower limit determined near harvest and the known 
drained upper limit for the sites (DNR00004) were used to calculate the plant 
available water content for each cultivar (PAWC; mm). 
 
Trials at Goondiwindi in 2007 demonstrated that the performance of wheat genotypes 
at the control site (LM) did not predict the relative performance level at the site with 
SSC (DP; Figure 43). Genotypes performing well at the control site were not the best 
performing in the presence of SSC.  Plant yields in the presence of SSC were reduced 
by an average of 20% compared to the control site in 2007 (Figure 43; Table 9). The 
drought tolerant genotype SeriM82 (Seri) and the related double haploid line HSF1-
255 performed well, exhibiting relatively little reduction in yield in the presence of 
SSC.   Tests with material that exhibits variation in tolerance for Al and B toxicity as 
well as differences in Na uptake at the roots indicated that these traits do not provide 
an advantage under SSC at the experimental sites used in 2007.  This result tends to 
confirm previous findings that the main cause of yield reductions due to SSC in 
southern Queensland is high Cl concentrations at depth and not high Na, Al or B 
concentrations (DNR00004).  For example, the two southern adapted cultivars Janz 
and Yitpi are closely related but while Janz is sensitive to Al and B toxicity, Yitpi is 
resistant (Table 9).  Yitpi gave slightly higher yield at the control site (LM) but at the 
constraint site (DP) it was significantly lower than Janz (Figure 43).  Thus, Yitpi was 
at least as sensitive to subsoil constraints as Janz, suggesting that Al and B tolerance 
were not useful at this site.  Additionally, the two southern Australian adapted 
cultivars Krikauff and Warrakatta are also closely related but differ in the rate of 
uptake of Na by the roots.  Krikauff takes up more Na than Warrakatta and would be 
expected to be more sensitive to sodic soils.  The difference in yield between these 
two cultivars was not significant at either site. This suggests that sodium exclusion at 
the roots is not an adaptive advantage at this site.  
 
Table 9. Site mean yield (yield; g m-2), probability of differences 
between genotypes of each species within each site (P) and least 
significant difference between genotypes (LSD) where P <0.05 for 
wheat and barley at the control site (LM –SSC), the constrained 
site (DP +SSC) and the intermediate site (Roma int) during the 
2007, 2008 and 2009 winter seasons in south western Queensland.  
  Wheat      Barley     
year Site yield  P LSD  yield  P LSD 
2007 LM -SSC 320 0.003 49     
2007 DP +SSC 256 0.016 67     
2008 LM -SSC 341 0.002 37  349 0.023 77 
2008 Roma int 340 0.158 22  289 0.017 34 
2008 DP +SSC 265 0.077   265 0.285  
2009 LM -SSC 146 0.024 32  161 0.012 37 
2009 DP +SSC 185 0.001 32  178 0.001 44 
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Figure 43.  Mean yield of wheat genotypes at the constrained site (DP), control 
site (LM) near Goondiwindi and the intermediate SSC site near Roma in the 
winter seasons of 2007, 2008 and 2009.   Error bars indicate the standard error 
of the means of three replicates.  Arrows indicate genotypes that give indications 
of improved relative performance in the presence of SSC. 
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In 2008, the number of purely experimental lines was reduced and more of the 
cultivars likely to be chosen by local growers were tested for variation.  Barley 
genotypes were also tested for the first time in 2008.  A third site was introduced at 
Roma with levels of SSC intermediate between those of the control and constraint 
sites at LM and DP respectively.  The average reduction in wheat yield between LM 
and DP in this season was similar to that in 2007 at 22%.  There was little reduction in 
the average wheat yields between the control site (LM) and intermediate site.  Again 
in 2008 the relative ranking of genotypes at LM was not a good predictor of ranking 
at DP.  Although the yield differences among wheat genotypes at DP in 2008 were not 
significant, there are suggestions that SeriM82 (Seri) and its related doubled haploids 
HSF1-255 and SHF1-103 suffered less reduction in yield than most other genotypes. 
There is also the suggestion that EGA-Hume may have also suffered less yield 
reduction. 
 
Results in 2009 differed from those in the other two years as there was little if any 
reduction in wheat yield between LM and DP.  In fact, some lines exhibited increased 
yield at the constraint site DP versus the control at LM.  Interestingly, genotypes 
related to SeriM82 are among those showing this trend including HSF1-255, SHF1-
103 and SuperSeriLR19.  Again EGA-Hume was ranked highly at both LM and DP 
sites.  Two factors are likely to have contributed to the difference in the relative yields 
that were observed between sites in 2009 compared to those seen in 2008.  Firstly, the 
mean yields at both sites are very low compared to those in 2009, likely due to the 
more severe water-limitation in 2009.  However, there is a second difference in the 
treatments due to the application of gypsum at the rate of 2.5 t/ha between the 2008 
and 2009 seasons.  It is likely that the gypsum application had relieved some of the 
plant stress caused by SSC at the DP site.  However, with both environmental 
differences and gypsum application causing changes between seasons, it is not 
possible to determine the relative contribution of each factor to the overall result.  
Further experimentation will be needed to clarify this point.   
 
Barley Yield 
Barley cultivars present a possible alternative to wheat for growers attempting to 
choose the most suitable crop for sites with SSC.  For this reason barley cultivars 
were tested in the 2008 and 2009 seasons.  Results for barley showed some 
similarities and some differences from those observed for Wheat. 
 
In 2008 the average yields of barley genotypes at 349 g/m2 was similar to that of 
wheat at 341 g/m2 (Table 8). The average yield reduction of 24% for barley between 
the constraint site (DP) and control site (LM) was also similar to that for wheat.  
However, barley exhibited a significant difference between control site (LM) and the 
intermediate site (Roma) of 17% which contrasted with wheat which exhibited little 
reduction at the Roma site (Table 9; Figure 44).  The reason for this difference is not 
clear.  It is possible that some soil factor at the Roma site had a greater effect on 
barley than on wheat.  Alternatively, it is possible that some presently unrecognised 
environmental or management factor has specifically affected the performance of 
barley at Roma in 2008.  Further research is required to determine whether the 
different response of barely at this site is repeatable and, if so, to determine the cause 
of differences in crop performance. 
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In 2009 the result for barley was similar for that of wheat in that there was little if any 
yield reduction between the LM and DP sites. Consistent with wheat, barley showed 
variation in the response of genotypes to the presence of SSC.  In 2008 Baronesse and 
Grout showed less yield reduction between LM and DP sites. In 2009 Baronesse also 
showed superior yield at the DP site.  There are also suggestions that Grout, Mackay 
and Hindmarsh may have exhibited superior yield at DP in 2009.  Further work will 
be needed to confirm these results. 
 
Figure 44.  Mean yield of barley genotypes at the constraint site (DP), control site 
(LM) near Goondiwindi and the intermediate SSC site near Roma in the winter 
seasons of 2007, 2008 and 2009.   Error bars indicate the standard error of the 
means of three replicates.  Arrows indicate genotypes that give indications of 
improved relative performance in the presence of SSC. 
 
 
 
Water Uptake 
PAWC was significantly lower at the constraint site (DP) than at the control site (LM) 
for all genotypes, confirming that the subsoil constraints had reduced soil moisture 
uptake.  The mean PAWC decreased from 110 mm at the control site (LM) to 72 mm 
at the constraint site (DP).  PAWC was between 25 and 39 mm less at the constraint 
site for most genotypes, which correlated with a decrease in yield of between 19 to 
30% (Figure 45).  However, there are some notable exceptions.   For example, the 
genotype with the smallest yield difference between the sites was Janz but it exhibited 
one of the largest drops in PAWC at the constraint site.  Conversely, the yield of 
Krichauff dropped significantly between sites while the PAWC dropped by one of the 
smallest margins (8.1 mm).   
 
The highest yielding lines at the constraint site in descending order were HSF1-255, 
SeriM82, AUS30585 and Janz.  Each of these suffered a smaller drop in yield despite 
a drop in PAWC that was in line with many of the other genotypes.  These results 
suggest that the ability of the roots to take up soil moisture under conditions of subsoil 
constraints is not the only determinant of the observed yield differences. 
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The drought tolerant Indian accession Dhawar dry was low yielding at both sites and 
suffered a significant loss of yield at the constraint site compared to the control site in 
2007.  The mechanism of drought resistance in Dhawar dry is not fully understood.  
However, it is thought to differ from the mechanism observed for SeriM82.  This 
suggests that not all drought adaptation mechanisms can lead to superior performance 
under conditions of subsoil constraints. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 45.  Plant available water content (PAWC) for wheat genotypes at 
constraint site (DP) and control site (LM) near Goondiwindi in 2007.   At each 
site, values are the mean for three replications for yield and 2 replications for 
PAWC. 
 
Emergence, Height and Phenology 
Plant emergence was significantly reduced at the constraint site in 2007.  The site 
mean emergence at the unconstraint site (LM) was 99 plants/m2; it was very close to 
the target population of 100 plants/m2.  However, the site mean emergence at the 
constraint site (DP) was reduced to 90 plants/m2.   The difference in emergence 
between sites varied among genotypes (not shown).  The reduced emergence at the 
constraint site could help to partially explain the yield differences.  For example, the 
cultivar Janz had a small difference between sites in both yield and emergence.  
However, differences in emergence could not explain all of the yield differences.  The 
difference in emergence between sites for the highest yielding genotypes at the 
constraint site SeriM82, HSF1-255 and AUS30585 were similar to those of a number 
of lines that suffered a larger drop in yield (data not shown). 
 
Mean plant height was significantly reduced at the constraint site as compared to the 
control site in 2007.    It also varied significantly between genotypes within each site 
(data not shown).  However, yield and height were only weakly correlated. 
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The phenology of genotypes differed significantly both within and between sites in 
2007.  An increase in the period to anthesis in most genotypes corresponded with a 
reduction in yield at the constraint site even though the overall correlation was not 
significant (Table 10).  However, there was a significant negative correlation between 
the period to flowering and yield within each site.    It is likely that genotypes with a 
longer period of vegetative development may have used more soil moisture prior to 
anthesis leaving less water for use during the grain filling period.   
 
Table 10.  Correlation between yield in 2007 and the variables, plant emergence, 
days after sowing to flowering (Z65 DAS), plant height and plant available soil 
water content (PAWC) at the constrained site (DP) the control site (LM) and for 
all data pooled.  Significant probability values are presented (P < 0.05) while ns 
indicates that the correlation was not significant (p > 0.05).  
 
Yield vs DP LM All 
Emergence ns ns ns 
Z65  DAS <.001 0.005 ns 
Height ns ns ns 
PAWC ns ns <0.001
 
 
Tolerance of sorghum hybrids for subsoil constraints 
Seven sorghum hybrids were evaluated for their relative tolerance to subsoil 
constraints (Figure 46). All sorghum hybrids showed significant decrease in grain 
yield grown on constraint sites (1144 mg Cl/kg in 90-110 cm soil depth, ESP, 3 in 
surface soil) as compared to unconstraint site (759 mg Cl/kg in 90-110 cm soil depth, 
ESP, 10 in surface soil). However, the differences within hybrids were not significant. 
A similarly, significant (18-40%) decrease was obtained in PAWC for sorghum 
hybrids grown on constraint site as compared to unconstraint site.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 46. Relative performance of sorghum hybrids grown on constraint and 
unconstraint sites in Goondiwindi. 
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Discriminating crops under subsoil constraints using Hyperspectral Sensor 
 
Hyperspectral sensor was used in discriminating crops growing under subsoil 
constraints in two different years.  
 
Method 
The canopy reflectance data were collected using a field spectrometer. This battery-
powered device is a portable spectrometer with a fiber optic cable for light collection 
and a notebook computer for data logging (Analytical Spectral Devices, 2002). In 
2008, the device captured reflected sunlight between 350 nm and 2500 nm 
wavelengths (VIS-SWIR), whereas the equipment in 2007 captured data from the 400 
to 900nm (VIS-NIR). Each sample corresponded to a field of view of about 44 cm 
diameter on the canopy. For each sample, ten spectra were internally averaged by the 
spectrometer. All data were collected on clear sunny days between 10 am and 2pm 
local time. 
 
To assess the predictive power of the relationship between yield and reflectance 
values, a Partial Least Squares (PLS) Regression was implemented. PLS regression, a 
type of eigenvector analysis, is a bilinear modelling method for relating the variations 
in one or several response variables to the variations of several predictors, with 
explanatory or predictive purposes. This technique was used to discriminate the crop’s 
spectral response under different subsoil constraints (i.e. “good” vs. “bad” soil). The 
hyperspectral data response was also related to crop yield. 
 
Results 
The PLS regression results showed that it is possible to discriminate the canopy 
reflectance of crops taken between two sites of different soil attributes. The 
correlation coefficient between predicted and measured values in a model used to 
discriminate soil constraints using reflectance data of 2008 wheat and barley crops 
was 0.94 (Figure 47). The root mean square error of prediction (RMSEP) was 
relatively low (17%), indicative of the good prediction accuracy of the regression 
models (83%). The best bands (high regression coefficients) were observed from 
those bands in the red and near infrared regions (Figure 48).  
 
The results also indicated that yield and hyperspectral response have good correlation. 
The correlation coefficient between the predicted and measured values was 0.90 
(Figure 49). The near infrared bands were flagged as the optimum bands for 
prediction (Figure 50).  
 
The results for the 2007 crops showed similar patterns. Although the sensor was 
limited to 900nm (i.e. near infrared only), the model prediction accuracy for 
discriminating crops grown under different subsoil constraints was relatively high, i.e. 
78% (Figure 51). The optimum bands were observed from most bands in the green, 
red and “red-edge” regions (Figure 52). 
 
The relationship between crop yield and spectral data in the 2007 season was strong 
(correlation coefficient, 0.81), although slightly less as compared with the 2008 crops 
(Figure 53). The optimum bands were found to be in the blue and near infrared 
regions (Figure 54). 
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The results show that hyperspectral data can produce high prediction accuracy for 
discriminating crops growing under subsoil constraints. Hyperspectral data and crop 
yields grown on paddocks with different subsoil constraints have shown strong 
correlations that resulted in high prediction accuracy. 
 
 
 
 
Figure 47. Predicted and measured values in a PLS model, discriminating subsoil 
conditions (“good” and “bad” soil) using reflectance data for 2008 wheat and 
barley crops. 
 
 
 
 
Figure 48. Regression coefficients highlighting (in black circles) the best spectral 
bands in discriminating subsoil conditions (“good” and “bad” soil) using 
reflectance data of 2008 wheat and barley crops. 
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Figure 49. Predicted and measured values in a PLS model for the 2008 crop 
(barley and wheat) samples and yields. 
 
 
 
 
Figure 50. Regression coefficients highlighting (in black circles) the best spectral 
bands for the prediction of 2008 crops (barley and wheat) and yields. 
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Figure 51. Predicted and measured values in a PLS model discriminating subsoil 
conditions (“good” and “bad” soil) using reflectance data for 2007 wheat and 
barley crops. 
 
 
 
Figure 52. Regression coefficients highlighting (in black circles) the best spectral 
bands in discriminating subsoil conditions (“good” and “bad” soil) using 
reflectance data of 2007 wheat and barley crops. 
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Figure 53. Predicted and measured values in a PLS model for the 2007 crop 
(barley and wheat) yields. 
 
 
 
Figure 54. Regression coefficients highlighting (in black circles) the best spectral 
bands in discriminating subsoil conditions (“good” and “bad” soil) using 
reflectance data of 2007 wheat and barley crops. 
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Practical traits of crop tolerance 
 
The differences in salt tolerance within crop species are often correlated with 
differences in translocation of Na+ and Cl- into the shoot, in particular to the youngest 
mature leaf (YML).  Therefore, it is necessary to assess tissue ion concentrations 
against salt tolerance of crop species to identify whether exclusion of Na+ or Cl-, or 
selectivity of K+ or Ca2+, and/or ion imbalances is an appropriate selection criterion to 
identify plants tolerance to salinity and/or sodicity. 
 
Method 
Five crop species were grown at a number of sites throughout northern grains region. 
At anthesis, about 50 YML were obtained randomly from each replication and 
carefully rinsed with distilled deionized water and then dried at 70 oC for 48 h. Dry 
samples were ground into a fine powder to pass a 0.5-mm sieve. For the determination 
of Na, K, Ca, Mg, S, Zn, P, Al, B, Cu, Fe and Mn concentrations, plant materials were 
digested in diacid mixture of nitric and perchloric acids. Concentrations of ions were 
measured on inductively coupled plasma-optical emission spectrometer. For Cl-, 
ground samples of YML were extracted in hot water at 80 oC for 4h. The Cl- 
concentration was determined on an auto-analyser.  
 
In case of significant relationships between relative grain yields for each crop (relative 
yield = grain yield at a given site/maximum grain yield achieved at the trial sites in 
the present study) and Na+ and/or Cl- concentration in the YML was used to estimate 
the critical concentration in the YML corresponding to 0.90 or 0.50 of the maximum 
grain yield using Cate and Nelson (1965) graphical procedure. 
Results 
 
The relationships between 
relative grain yield of bread 
wheat and concentration of ions 
(Cl-, Na+, Ca2+ and K+) in the 
YML of bread wheat (Figure 55) 
were significant for Cl-, Ca2+ and 
K+; it was positive for Ca2+ and 
K+ and negative for Cl-.  
 
 
 
 
 
 
 
 
 
 
 
Figure 55. Relationships between relative bread wheat grain yield and (a) Cl-, (b) 
Ca2+, (c) Na+, and (d) K+ concentration in the YML of bread wheat grown on 
soils with various combinations of subsoil constraints. 
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For barley, the relationships between relative grain yield and ion concentrations in the 
YML were significantly positive for Na+, and Ca2+. The relationships between relative 
grain yield of durum wheat and concentrations of Na+ and Cl- in the YML of durum 
wheat were significantly negative but positive for Ca2+ and K+. Similar to durum 
wheat, the relationship between relative grain yield of chickpea showed positive 
relationship with Ca2+ and K+ concentrations while it was negatively correlated with 
Cl-, and Na+ concentrations in the YML of chickpea. The relative grain yield of 
canola increased with K+ concentration in YML but was not significantly correlated 
with Cl-, Na+, and Ca2+ (Figures not shown) 
 
The grain yield reduction corresponded well with the increased Cl- concentration in 
the YML of bread wheat, durum wheat and chickpea and with increased Na+ 
concentration in the durum wheat and chickpea.  In the present study, Na+ ion per se 
is not phytotoxic to bread wheat. It appears that Cl- is more damaging. For durum 
wheat and chickpea, increased uptake of Na+ also resulted in reduced yield of both the 
crops and more so for the former than the latter. For chickpea it appears that a 
concentration of 0.08 mM Na/g or lower in the YML had no influence on the grain 
yield.  In case of barley, grain yield was positively correlated with Na+ concentration 
and with no significant relationship with Cl- concentration in the YML, suggesting 
that the yield reduction in barley may not be related to Na+ and/or Cl- concentration in 
the YML.   
   
Young mature leaf samples at flowering were also obtained from two cultivar trials 
and analysed for nutrients. Chloride concentration in YMB had significant linear 
relationship with the relative yield of wheat genotypes grown in unconstrained and 
constrained sites (Figure 56).   
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 56. Relationship between Cl concentration in YMB at flowering and 
relative grain yields of 20 genotypes grown on relatively unconstrained and 
subsoil constrained paddocks. 
 
The results suggest that reflectance in NIR region and analysis of YMB at flowering 
has the potential to be used for identifying genotype tolerant of SSC at flowering. 
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Subsoil Constraints Threshold 
 
To develop relationships between SSC’s and crop growth of winter crop species we 
collected and collated data from 44 field trials. Ridge regression analysis was used to 
overcome collinearity between soil properties and crop yield to identify the most 
limiting constraints to the grain yield of winter crops. To account for the variability in 
observed grain yields, descriptive models were constructed using soil moisture and 
physico-chemical properties at sowing as independent variables. Threshold values of 
soil Cl concentrations were calculated as percent reduction in grain yield/regression 
coefficient for the Cl concentration in the 0.90-1.10 m soil layer in 3-variable model 
obtained using ridge regression technique. In-crop rainfall, available soil water at 
sowing in the 0.70-0.90 m soil layer and soil Cl in the 0.90-1.10 m soil layer 
accounted for 80-92% of the variation in grain yields of the 5 winter crops including 
bread wheat, durum wheat, barley, chickpea and canola. Inclusion of ESP of the top 
soil (0.0-0.10 m soil layer) marginally increased the descriptive capability of the ridge 
regression model. Subsoil Cl concentration was found to be the principal determinant 
of subsoil water use by the crops (Table 11).  
 
Table 11. Threshold values of chloride for 10% reduction in grain yield (kg/ha) 
of 5 winter crops 
 
*, ** and *** show regression coefficients significance at P < 0.05, 0.01 and 0.001 
levels 
 
Crop species Regression coefficients R2 Threshold value
of Cl (mg/kg) 
Bread wheat  
 
Barley 
 
Durum wheat 
 
Chickpea 
 
Canola 
 
36.8 + 0.125*** ICR + 0.52** θv 0.90-1.10 m  – 0.0117*** Cl 0.90-1.10 m 
 
31.2 + 0.17*** ICR + 0.40* θv 0.90-1.10 m – 0.0098*** Cl 0.90-1.10 m 
 
43.0 + 0.163*** ICR + 1.28** θv 0.90-1.10 m – 0.0151*** Cl 0.90-1.10 m 
 
43.6 + 0.130*** ICR + 0.56** θv 0.90-1.10 m – 0.0203*** Cl 0.90-1.10 m 
 
15.6 + 0.146*** ICR + 0.95** θv 0.90-1.10 m – 0.0102*** Cl 0.90-1.10 m 
0.84 
 
0.82 
 
0.77 
 
0.80 
 
0.78 
854 
 
1012 
 
662 
 
492 
 
980 
ICR, in-crop rainfall (mm); θv, volumetric soil moisture (mm); Cl, chloride 
concentration (mg/kg). 
 
Interaction between subsoil constraints and rainfall 
In-crop rainfall moderated the impact of subsoil Cl on grain yield of crops. 
Summarising results of 44 field trials conducted in the region, for example, in case of 
bread wheat, more in-crop rainfall (ICR) resulted in less negative impact from high 
subsoil Cl (Figure 57).  Plant available water was the key link between crop 
functionality and complex combinations of subsoil constraints. Negative responses of 
subsoil constraints were more frequent at sites where conditions contributed to severe 
water deficits i.e. low ICR, less available water at sowing and greater evaporative 
demands.   
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Figure 57. Effect of subsoil Cl concentration on average bread wheat grain yield 
as influenced by in-crop rainfall. Numbers within bars indicate the number of 
trials conducted. 
 
Realistic yield potential 
Apparent unused plant available water showed positive relationships with subsoil Cl, 
suggesting osmotic potential impact of subsoil Cl on water availability (figure not 
shown). Given the significance of available water in subsoil and subsoil Cl, yield 
losses due to the unused water at crop maturity were obtained to determine realistic 
yield potential.  
 
 Yield is a function of PAWC at sowing and ICR, and PAWC is defined as 
volumetric soil water at drained upper limit – that at crop lower limit (UL-LL).  
Traditionally maximum yield potential was obtained:   
 
Maximum yield potential = [ICR+(DUL-CLL)] * water use efficiency.  
 
Given that subsoil Cl resulted in increased crop lower limit (LL) and thereby reduced 
PAWC, a conceptual model was developed to determine realistic yield potential.   
 
Realistic potential yield = [(ICR+PAW) * water use efficiency] ± subsoil constraints 
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Dissemination of project outcomes 
 
The project team coordinated and delivered multiple learning activities for growers 
and advisers across the northern grains region.  
 
2007 
? Demonstrated SSCs tool kit and presentation on decision tree at Healthy Soils 
conference. 
? Demonstrated ALMs on the use of tool kit and decision tree at 5 growers/ 
advisors meetings to identify and manage SSCs.   
? Field day was organised to demonstrate relative performance of wheat and 
barley cultivars grown at low and high soil related constrained paddocks. 
2008 
? Demonstrated ALMs (action learning modules) on the use of tool kit and 
decision tree at 3 growers/ advisors meetings to identify and manage SSCs.  
? Field days were organised to 
demonstrate relative performance of 
wheat and barley cultivars grown at 
low and high constraints paddocks at 
Mandama (Goondiwindi) and 
Bindaroo (Roma).  
? Field days were held at Bindaroo 
(Roma), and Sunbury (Garah) on 
tools to identify paddock and farm 
scale variability and options to 
manage this variability for profitable 
outcomes. 
? 7 ALMs were carried out during July-August 2008 throughout northern grains 
region; a total of 115 farmers, 
advisors and agribusiness personnel 
attended the ALMs. The aims of the 
ALMs was to deliver and share 
information on how to identify SSC 
using decision tree, using tool kit on-
farm and to implement appropriate 
management options. Based on the 
information at workshops, Bob 
Freebairn prepared an article for 
GroundCover (Jan-Feb 2009:78, pp. 
33). 
 
2009 
? Five field days (Linking paddock data through Precision Agriculture) were 
organised, one each at Biloela, Roma, Goondiwindi, Garah and Bellata, on 
tools to identify paddock and farm scale variability and options to manage this 
variability for profitable outcomes.  
? Two field days were organised to demonstrate relative performance of wheat 
and barley cultivars grown at low and high soil related constrained paddocks 
at Goondiwindi.  
? Presentation made at GRDC update in Goondiwindi on 3 March 2010.  
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2010 
Six workshops on “Managing Paddock Variability using Precision Agriculture” were 
organised, one each at Banana, Emerald, Miles, Goondiwindi, Bellata and Bullarah. 
The objectives of these workshops were to provide grain growers with insight into the 
latest advances in precision agriculture, especially knowledge and skills in: 
 
? interpretation of soil and crop 
variability using yield maps, EM38 
and remote sensing 
? managing paddock variability 
(economics, environmental and 
social aspects) 
? practical experience in gleaning 
yield data and interpreting satellite 
imagery 
 
A total of 63 advisors and growers attended the workshops. A facilitated discussion 
on the adoption of PA in the northern grains region was carried out. The Key 
messages from growers and agronomists on what is exciting about PA, what will 
drive them forward to use the technology and what remain as issues are: 
 
1. The machinery incompatibilities is a large hurdle, but a passable one. 
However, the lack of after-sales service when things break down is holding 
many growers back from investing further in PA 
2. Positively, many growers are comfortable with the idea that PA is the way 
forward and will hopefully contribute to the “accountability/environmental 
monitoring”  pressures they are likely to face in the future 
3. Currently there is very little assistance to purchase the right equipment and 
support regarding the collection of data layers, and interpretation for making 
management decisions 
4. Case Studies on PA do not answer the question: “Is PA going to make me 
money?” Many farmers are still struggling with the notion of having to spend 
some money to see if they can make money.  
5. From an Agronomist/Consultant perspective: How do I get a farmer to soil test 
by zone, when I can’t get him to soil test at all? 
6. Despite being the customer who buys their equipment, machinery 
manufacturers and the contractors don’t 
seem to be aware of grower’s needs and 
wants? For example 45 foot fronts on 
headers are just too big for our 12 meter 
farming systems and not wanted without 
a yield monitor. 
7. Agronomists and consultants need to be 
trained so that they can interpret and 
understand data layers and have the 
confidence to be able to encourage 
clients to make management decisions 
using PA tools 
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8. It may take some time for people to gain their confidence, willingness and 
desire to use PA tools for their own reasons 
9. We need to be able to know what areas make us money and what areas are 
costing us money; PA is the only thing that can answer these questions  
10. The notion of Spatial Agronomy is exciting. PA can help farmers put the right 
input, in the right location, in the right amount, and at the right time. 
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Resources Produced  
 
Managing Paddock Variability Using Precision Agriculture (Workshop Manual) 
 
This manual aims to provide latest knowledge in 
precision agriculture, tools to measure soil 
constraints variability, managing variability for 
sustainable goals (economic, environment and 
social).  This Manual accompanied by the workshop 
that include topics on: 
• Yield mapping 
• Remote Sensing 
• Aerial Imagery 
• Electromagnetic induction 
• Managing crop variability 
• Designing your own-farm trial 
• Economics of PA: Making it pay 
 
 
 
 
Maximise Gain by Managing Subsoil Constraints: Options and Impacts 
(Workbook) 
 
The workbook aims to provide knowledge and 
skills to growers and advisors to interpret soil test 
results for crop production in northern grains 
region. Workbook accompanied the workshops and 
included case studies which were designed to 
identify the dominant soil constraints and selecting 
appropriate management options to manage these 
constraints. 
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Appendices 
 
 
Appendix 1. Yield maps (sorghum 2005, wheat 2007 and predicted wheat 2009), 
NDVI maps (summer 2005, winter 2007 and winter 2009), EM38 maps (wet 
profile and dry profile) and elevation map for Site 1 at Biloela.  
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Appendix 2. Yield map (wheat 2005), NDVI maps (winter 2005 and 2009), EM38 
map (wet profile) for Site 2 at Muckadilla.  
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Appendix 3. Yield maps (wheat 2003, wheat 2005, and wheat 2008), NDVI maps 
(winter 2003, winter 2007 and winter 2008), EM38 maps (wet profile and dry 
profile) and elevation map for Site 3 at Wallumbilla. 
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Appendix 4. Yield maps (wheat 2001, wheat 2002, wheat 2007 and wheat 2009), 
NDVI maps (winter 2001, winter 2002, winter 2007 and winter 2009), EM38 
maps (wet profile and dry profile) and elevation map for Site 4 at Goondiwindi. 
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Appendix 5. Yield maps (barley 2005, barley 2006, barley 2008 and barley 2009), 
NDVI maps (winter 2005, winter 2006, winter 2008 and winter 2009), EM38 
maps (wet profile and dry profile) and elevation map for Site 5 at Garah. 
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Appendix 6. Yield maps (wheat 2006, and wheat 2007, wheat 2009), NDVI map 
(winter 2009), EM38 maps (wet profile) and elevation map for Site 6 at Bellata. 
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Appendix 7. Yield maps (wheat 2006, and wheat 2008), NDVI maps (winter 2006, 
winter 2008), EM38 map (wet profile) and elevation map for Site 7 at Narrabri. 
 
   
   
